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Abstract: The North China Plain is vital hub for agricultural production and urban development. However,
decades of excessive groundwater extraction have resulted on significant land subsidence, posing severe
threats to the region's socio-economic stability and sustainable development. The relationship between land
deformation and groundwater storage Anomalies in this region remains insufficiently understood, and the
driving factors behind land subsidence require further exploration. This study employs downscaled GRACE
and SBAS InSAR technologies to monitor and analyze land subsidence and groundwater storage Anoma-
lies in four representative cities of the North China Plain: Beijing, Tianjin, Cangzhou, and Hengshui. Using
geodetector methods, the study investigates the driving factors of land subsidence, incorporating both natu-
ral environmental and human activity factors. The results indicate that: (1) Groundwater storage in the
North China Plain generally exhibited an overall declining trend from 2002 to 2022, with the rate of
decrease weakening from southwest to northeast, showing a clear spatial clustering pattern. (2) While, land
subsidence rates in the main urban areas of each city were relatively low, severe subsidence persisted in the
surrounding suburban and rural areas. (3) The temporal trends of land subsidence were consistent with
changes in groundwater storage across all cities. (4) Groundwater storage Anomalies emerged as the most
significant factor influencing the spatial distribution of land subsidence, with a g-value of 0.387, followed
by factors such as DEM, evapotranspiration, and rainfall. Seasonal characteristics were evident in land
deformation corresponding to groundwater storage Anomalies: During the spring and summer irrigation
periods, land subsidence occurred due to groundwater depletion, while in autumn and winter, the surface
uplifted with increased groundwater storage. In Cangzhou and Hengshui, excessive deep groundwater
extraction caused a lagged response in land subsidence relative to groundwater storage Anomalies. Further-
more, interaction among various factors significantly amplified their influence on land subsidence. The
interaction between groundwater storage Anomalies and rainfall had the strongest combined effect, under-
scoring its critical role in shaping land subsidence in the study area. The findings offer valuable insights for
the scientific prevention and management of land subsidence in the North China Plain.
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Introduction
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cant water resource shortage, resulting in severe
groundwater over-extraction, making it the world's
largest groundwater depression area. Groundwater
depletion has caused serious regional environmen-
tal and geological problems, such as land subsi-
dence (Lei et al. 2016; Yu et al. 2021). Therefore, a
comprehensive understanding of the relationship
between groundwater consumption and land subsi-
dence in the North China Plain is essential.

Traditional field methods for observing ground-
water and land subsidence are labour-intensive,
resource-demanding, and costly, making large-
scale monitoring in complex hydrogeological envi-
ronments difficult. Remote sensing technologies,
however, offer the capability to assess large areas
across multiple spatial and temporal scales, greatly
enhancing our ability to study environmental
phenomena. Synthetic Aperture Radar (SAR) satel-
lites, with their all-weather capability, wide moni-
toring range, and high precision, have made time-
series InSAR (Interferometric Synthetic Aperture
Radar) technology widely used for real-time land
deformation monitoring (Xu et al. 2015). For
example, Cao et al. (2024) used time-series InNSAR
to monitor land subsidence in Beijing, analysing its
spatiotemporal patterns, which showed that the
subsidence primarily occurred in plain areas and
identified several large-scale subsidence centres.

The advent of GRACE (Gravity Recovery and
Climate Experiment) gravity satellites has enabled
the monitoring large-scale changes in water stor-
age, including terrestrial water storage compo-
nents such as snow and ice, vegetation canopy
water, surface water, soil water, and groundwater.
By combining GRACE-derived terrestrial water
storage data with other datasets, groundwater stor-
age Anomalies can be estimated. This approach
has been widely applied in countries such as China
and India, playing a significant role in remote sens-
ing hydrology (Pan et al. 2017; Singh and Sara-
vanan, 2020). For instance, Su et al. (2020) anal-
ysed the spatiotemporal variations in groundwater
storage in the Huang-Huai-Hai Plain from 2003 to
2015 using GRACE data, showing a declining
trend of —1.14 + 0.89 cm/a. Similarly, Khorrami
and Gunduz (2021) used GRACE to monitor
groundwater storage decline in 2003-2016 in
Turkey, finding that monthly Groundwater Stor-
age Anomalies (GWSA) were highly correlated
with precipitation and temperature, with a two-
month lag.

Excessive groundwater extraction leads to soil
layer compression, resulting in land subsidence. To
understand the relationship between the land defor-
mation and groundwater storage, numerous stud-
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ies have studied groundwater level and land subsi-
dence data from monitoring points. On larger
spatial scales, studies combining GRACE and
InSAR technologies have emerged (Sorkhabi and
Asgari, 2023; An et al. 2024). Yu et al. (2021)
analyzed the relationship between groundwater
storage Anomalies and land subsidence in the
Beijing-Tianjin-Hebei region using GRACE and
MT-InSAR (multi-temporal InSAR) technologies,
revealing that subsidence volume accounted for
59.46% of groundwater storage Anomalies. They
also observed a strong correlation between the long-
term declining trends of GWSA (—14.221 mm/a)
and cumulative subsidence (—17.382 mm/a).

However, the coarse spatial resolution of
GRACE data poses challenges in analysing the
spatial relationship between groundwater storage
and land subsidence. Researchers have used down-
scaling techniques such as machine learning, least
squares regression, and weighted regression to
improve spatial resolution alignment (Agarwal et
al. 2023; Xue et al. 2024). For instance, Liu et al.
(2024) investigated the relationship between
groundwater storage and land subsidence across
different landscape types in the Loess Plateau
using downscaled GRACE and InSAR data, show-
ing that elastic land deformation followed the
temporal variations of groundwater storage and
that pumping activities caused a lag of 1-2 months
in groundwater storage deformation.

Several studies have examined the correlation
between groundwater storage and land subsidence
in the North China Plain (Huang et al. 2015; Gong
et al. 2018; Li et al. 2018). However, previous
research has mainly focused on describing long-
term trends of groundwater depletion and land
subsidence. Although the correlation between land
deformation and groundwater is significant, chal-
lenges remain in analysing their spatiotemporal
patterns. Furthermore, the spatial driving relation-
ships between groundwater storage Anomalies and
land subsidence require further investigation.

This study utilizes time-series InSAR and down-
scaled GRACE technologies to analyse groundwa-
ter storage Anomalies and land subsidence in four
cities of the North China Plain: Beijing, Tianjin,
Cangzhou, and Hengshui. It investigates the
spatiotemporal evolution of land subsidence and
groundwater storage Anomalies and explores the
relationship between GWSA and cumulative subsi-
dence in these cities. By combining downscaled
GRACE groundwater storage Anomalies with
factors such as climate, topography, and human
activities, this study applies geodetector analysis to
identify the driving factors behind land subsidence.
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1 Study area

The North China Plain is characterized by flat
terrain (Fig. 1) with elevations generally below 100
meters. Based on its origin and morphological
features, the region is divided into three zones: The
piedmont alluvial plain, the central-eastern allu-
vial plain, and the coastal alluvial-marine plain.
The plain is primarily covered by Quaternary sedi-
ments, with thicknesses ranging from 150 m to 600
m. The region experiences a temperate monsoon
climate, characterized by significant seasonal vari-
ation. During summer, oceanic moisture brings
heavy rainfall, while winter is dominated by cold,
dry air masses from inland areas. Evaporation
increases with rising temperatures, and both
precipitation and evaporation are unevenly distri-
buted across space and time.

From the 1960s to the 1980s, the North China
Plain underwent accelerated land subsidence due to
rapid socio-economic development and extensive
groundwater extraction. Prolonged over-extraction
created multiple groundwater depression cones,
leading to severe land subsidence. The areas with
the greatest cumulative subsidence closely corre-
spond to the distribution of deep groundwater
depression cones. Currently, a contiguous subsi-
dence region has formed across Tianjin, Cangzhou,
Hengshui, and Dezhou, while in the Beijing plain,

two distinct subsidence zones have developed in
the southern and northern areas (Guo et al. 2021).

The development of land subsidence is influ-
enced by complex factors, leading to significant
spatial and temporal variability in its progression
and affected areas. Overall, land subsidence in the
North China Plain remains in a phase of rapid
development.

2 Data and methods

2.1 Data

A total of 342 images were acquired from satellite
Sentinel-1 SLC, captured between June 2018 and
June 2022. Elevation data were sourced from the
Shuttle Radar Topography Mission (SRTM) Digi-
tal Elevation Model (DEM) with a resolution of 30
m. Precise Orbit Determination (POD) data were
retrieved from the official Sentinel-1 website.
GRACE CSR Mascon RL06 Level 3 data, span-
ning from April 2002 to August 2022, were
utilized with a spatial resolution of 0.25° x 0.25°.
These data, derived using a point mass model
using RLO6 spherical harmonic coefficients, effec-
tively reduce noise and address mass leakage
issues. Missing data between June 2017 and Octo-
ber 2018 were supplemented using precipitation-
based reconstructed terrestrial water storage
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Fig. 1 Location of the study area
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change datasets (Zhong et al. 2020).

Snow water equivalent, soil moisture (0-2 m
depth), and groundwater runoff data were obtained
from the NOAH model within the FLDAS (Famine
Early Warning Systems Network Land Data
Assimilation System) at a resolution of 0.1°.
Canopy water and surface water data were sourced
from the GLDAS (Global Land Data Assimilation
System) Noah submodule with a spatial resolution
of 0.25°. To align with GRACE data, datasets from
April 2002 to August 2022 were interpolated using
cubic spline interpolation to achieve a resolution of
0.01°. Precipitation data were derived from GPM
IMERG Final Precipitation L3 monthly datasets
with a spatial resolution of 0.1° x 0.1°, covering
the period from April 2002 to August 2022.

2.2 Methods

2.2.1 SBAS InSAR technology for monitoring land

subsidence

SBAS InSAR (Small Baseline Subset InSAR)
technology, first proposed by Berardino et al.
(2002), is a small baseline subset InSAR method
primarily aimed at obtaining low-resolution, large-
scale land deformation. The basic principle is as
follows:

Assume that within a given time period, N
Synthetic Aperture Radar (SAR) images covering
the region are obtained. By applying a spatiotem-
poral baseline threshold, these N images are inter-
ferometrically combined to form M interferogram
pairs. M and N must satisfy the following relation-
ship:

N+1SM§N(N2+1) 0

An external DEM is used to simulate and
remove the topographic phase. The resulting differ-
ential interferograms are filtered and unwrapped to
resolve phase ambiguities. Coherence is calculated
for all pairs, producing an average coherence
image. High-coherence points are extracted based
on a set threshold. For any high-coherence pixel in
the i" unwrapped image, the phase consists of
deformation phase, atmospheric delay phase, and
noise phase. Ignoring the atmospheric delay and
noise phases, and the deformation phase can be
represented as the Line-of-Sight (LOS) deforma-
tion phase, expressed as:

6®i(-x9r) =®B(xsr)_®A (x’r) ~
4
ii_[Ci(tB’;x’r)__‘i(tA’*x’r)] (2)
Where: #; and ¢, are acquisition times of the
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interferogram pair, and d(¢;,x,7) and d(¢4,x,r) are
the cumulative LOS deformation at these times.

To derive time-series deformation data, the
differential phase of adjacent time-series pairs is
expressed as the product of the average phase
velocity and the time interval between acquisitions:

D= D
V= o 3
li— 1l ©)
The differential interferogram phase of the i"
pair can then be written as the integral of the veloc-

ity over the time interval between acquisitions:

1pi

52,061 = Y (=) @)

k=tq;+1
Where: v, represents the average phase velocity
during a certain time period. By combining the
above equations, the differential interferogram
phase values for the M small baseline pairs can be

represented in matrix form:

5¢ = By )

Where: B is the coefficient matrix, and each row
corresponds to one differential interferogram pair.

The SBAS algorithm employs multiple master
images. For the small baseline subset, when M>N,
the least squares method can be used to solve the
matrix equation. When M<N between subsets, the
matrix B may have a rank deficiency. In such
cases, Singular Value Decomposition (SVD) is
applied to obtain the minimum-norm solution for
the velocity.

2.2.2 Weighted downscaling

This method has been successfully applied to the
downscaling of precipitation products (Peng et al.
2019; Peng et al. 2018), and previous studies have
validated its accuracy in downscaling GRACE data
(Liu et al. 2022). The downscaling process primar-
ily uses FLDAS and GLDAS data, which have
spatial resolutions of 0.01° and 0.25°, respectively.
These datasets provide inputs for the 0.01° down-
scaling model, which includes snowmelt water,
vegetation canopy water, surface water, soil mois-
ture (0 m to 2 m deep), and groundwater—all of
which contribute to terrestrial water storage. For
the GRACE CSR RL06 Mascon Level 3 product,
initially at a spatial resolution of 0.25°, is enhanced
through this process.

Land water storage changes from GRACE and
FLDAS for the period from April 2002 to August
2022 are used to calculate the monthly averages for
each year as the baseline data.

2022

TG - = Mean{ Z TG (6)

y,m

y=2002
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2022
TFOL e = Mean[ > TF?.},’;J 7
y=2002
Where: TG and TFY®'-'*"  represent the
baseline data for land water storage changes in
specific months for the GRACE 0.25° and FLDAS
0.01° models, respectively. TG and TF), refer
to the land water storage changes for GRACE
and FLDAS models in given a specific year ()
and month (m).
The monthly deviations of GRACE data rela-
tive to the GRACE monthly baseline are calcu-
lated as follows:

Ei),an — TGOZS _ TG&ZS*M‘V” (8)

o

Where: E}) represents the deviation of the
GRACE data for a specific month in a given year
relative to the baseline month. The monthly devia-
tion data of GRACE are then interpolated to a
0.01° resolution, and combined with the 12-month
baseline data from FLDAS to produce the final
downscaled land water storage data at the target
resolution.

TDY), = TF < + £ (E2) ©9)

ym

Where: TD)) represents the downscaled
groundwater storage Anomalies at a 0.01° resolu-
tion, and f (E;’ff) denotes the spatially interpolated

GRACE monthly deviation results at the same
resolution.

2.2.3 GRACE-based groundwater storage Anoma-
lies

The Terrestrial Water Storage Anomalies (TWSA)
obtained through GRACE downscaling primarily
encompass changes in snow water equivalent,
vegetation canopy water storage, soil moisture,
groundwater storage, and biomass. Among these,
the impact of biomass changes is minimal and can
be neglected. Based on the principle of water
balance, Groundwater Storage Anomalies (GWSA)
can be calculated by subtracting Surface Water
Storage Anomalies (SWSA), which include
changes in snow water equivalent, canopy water
storage and soil moisture, from the terrestrial water
storage anomalies (TWSA). This relationship is
expressed as follows (Lin et al. 2019):

AGWSA=ATWSA-ASMSA—-ASWEA—-ACWA
(10)

Where: GWSA represents groundwater storage
Anomalies. TWSA, SMSA, SWEA, and CWA
represent terrestrial water storage anomalies, soil
moisture changes, snow water equivalent changes,
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and canopy water changes, respectively.

2.2.4 Geodetector
Geodetector is a statistical tool designed to anal-
yse spatial heterogeneity and identify the driving
forces behind it (Wang and Xu, 2017). It has been
widely applied in evaluating risk factors associ-
ated with geological hazards (Zhang et al. 2023;
Lin et al. 2021; Zhang et al. 2022). The geodetec-
tor comprises several components: Differentiation
and factor detectors, interaction detectors, risk
zone detectors, and ecological detectors. This study
primarily employs the differentiation and factor
detectors, as well as interaction detectors.
Differentiation and factor detectors: These are
used to detect the spatial differentiation of
geographic factors and the degree to which inde-
pendent variables explain the spatial differentia-
tion of dependent variables. The explanatory
power is measured using the g-value, calculated as:

L
2
2N

=1-= 11
q=1-"0 (i

Where: g represents the explanatory power, with
a range of [0, 1], a larger ¢ value indicates a better
interpretation; / represents the number of strata for
the independent or dependent variable, in which
h=1, 2, ---, L; N is the number of units; o} and o~
are the variances of the dependent variable for stra-
tum 4 and the entire region, respectively.

Interaction detectors: These assess whether the
interaction between influence factors enhances or
weakens the explanatory power of the dependent
variable Y. The types of interactions include
nonlinear weakening, single factor nonlinear weak-
ening, double factor enhancement, independence,
and nonlinear enhancement.

3 Results and discussion

3.1 Groundwater storage anomalies in
the North China Plain

Using data from the Haihe River Basin Water
Resources Bulletin and the Beijing Water Reso-
urces Bulletin, annual changes in shallow ground-
water storage in the Haihe River Basin plain and
average groundwater depth at the end of the year in
the Beijing plain area were obtained. Groundwater
storage anomalies in the Haihe River Basin were
processed and compared with the downscaled
GRACE-derived groundwater storage anomalies
(GWSA). Correlation analysis revealed that the
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correlation coefficients between the changes in
groundwater storage in the Haihe River Basin and
groundwater depth in the Beijing plain area, as
compared to the downscaled GRACE GWSA,
were 0.91 (Fig. 2a) and 0.67 (Fig. 2b), respec-
tively. The downscaled GRACE GWSA closely
follows the trend of the GWSA from the Haihe
River Basin Water Resources Bulletin (Fig. 2c¢),
demonstrating the reliability of the GWSA results
obtained through the weighted downscaling
method using GRACE data.

The spatial distribution of the annual GWSA
rate in the North China Plain from 2002 to 2022 is
shown in Fig. 3. The downscaled groundwater
storage Anomalies better reflect detailed character-
istics. Overall, groundwater storage shows a
decreasing trend, with the magnitude of the
decrease weakening from southwest to northeast.
The GWSA changes range from —37.29 mm/a to
1.22 mm/a. Significant groundwater depletion is
observed in the piedmont and central plains, with
the most severe depletion occurring at the junction
of Hebei, Shanxi, and Henan provinces, and gradu-

ally diminishing toward the northeast.

Fig. 4 presents the average Terrestrial Water
Storage (TWSA) and Groundwater Storage
Anomalies (GWSA) changes in the North China
Plain over the past 20 years, derived from GRACE
data. Both TWSA and GWSA exhibit significant
declining trends, with rates of —16.46 mm/a and
—18.69 mm/a, respectively. These findings indi-
cate that the reduction in terrestrial water storage in
the North China Plain over the past 20 years is
primarily due to decreases in groundwater storage,
while no significant trend is observed in Surface
Water Storage (SWSA).

Since 2021, as precipitation has gradually
increased, TWSA, SWSA, and GWSA have all
shown upward trends. TWSA, SWSA, and GWSA
also exhibit distinct seasonal variations: SWSA
increases mainly in summer (June to August) and
consistently decreases from August to the follow-
ing June, while the seasonal trends of TWSA and
GWSA are more closely aligned.

The GWSA trends in different cities within the
North China Plain were further analyzed (Fig. 5).
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Fig. 2 Validation of GRACE downscaled groundwater storage

Note: (a) Relationship of shallow groundwater storage Anomalies in the Haihe River Basin based on the Haihe River Basin Water Resources Bulletin;

(b) GWSA relationship in the Beijing plain area based on the Beijing Water Resources Bulletin; (¢) Comparison of characteristics between GRACE

downscaled GWSA and Haihe River Basin Water Resources Bulletin data.
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The results are as follows: tions in groundwater storage, reflecting the impact
Tianjin: Groundwater depletion rate of —7.85 of precipitation and water use patterns.
mm/a;

Beijing and Cangzhou: Severe depletion rates . . . .
of —11.49 mm/a and —12.85 mm/a, respectively: 3.2 Analysis of land subsidence in typi-

Hengshui: the highest depletion rate, reaching cal cities of the North China Plain
—19.86 mm/a.
All four cities exhibit significant seasonal varia- Land subsidence is notably significant in the four
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Fig. 5 Time series of GWSA changes in different cities

representative cities of the North China Plain. Posi-
tive values indicate land uplift, while negative ones
indicate subsidence. Severe subsidence is concen-
trated in the areas surrounding the central urban
districts, where the subsidence rates are relatively
lower. The overall spatial distribution pattern (Fig.
6) is consistent with the findings of Yu et al.
(2021) based on Radarsat-2 data to study land
subsidence in the Beijing-Tianjin-Hebei region
from 2012 to 2016.

Beijing: Subsidence rates range from —124.62
mm/a to 20 mm/a, with prominent uneven spatial
distribution. Subsidence areas are mainly located
in northern Haidian, southern Changping, and the
junction of Chaoyang and Tongzhou districts.
Subsidence funnels tend to connect, aligning with
the Beijing depression (Fig. 6a). Statistical analy-
sis shows that 93% of monitoring points have a
standard deviation of less than 6 mm/a (Fig. 6al).

Tianjin: Subsidence rates range from —127
mm/a to 30 mm/a, with subsidence concentrated in
the western and southern parts of the city, as well
as along the northern bank of the Yongding New
River estuary (Fig. 6b). Approximately 89% of

http://gwse.iheg.org.cn

monitoring points have a standard deviation of less
than 6 mm/a (Fig. 6b1).

Cangzhou and Hengshui: Severe subsidence
areas are distributed in large patches (Figs. 6¢, 6d),
mainly at the junction of Shenzhou, Xinji, and
Jizhou, as well as southern Hengshui and southern
Cangzhou. Most areas exhibit subsidence rates of
less than —30 mm/a, with 94% and 96% of moni-
toring points having an annual average standard
deviation of less than 6 mm/a, respectively (Figs.
6¢l, 6d1).

The results indicate significant spatial differ-
ences in land subsidence within the study area,
with high monitoring accuracy achieved using time-
series InSAR technology.

3.3 Analysis of driving factors for land
subsidence in the study area

3.3.1 Relationship between land subsidence and

groundwater storage anomalies
Fig. 7 illustrates the relationship between the
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Fig. 6 Spatial distribution of annual average land subsidence rates and standard deviations in different cities

Note: (a, b, ¢, d) represent the spatial distribution of subsidence rates in Beijing, Tianjin, Cangzhou, and Hengshui, respectively; (al, bl, c1, d1) repre-

sent the standard deviation distribution of subsidence rates in Beijing, Tianjin, Cangzhou, and Hengshui, respectively.
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GWSA and surface cumulative deformation in
Beijing, Tianjin, Cangzhou, and Hengshui in the
period from June 2018 to June 2022. The ground-
water storage and land deformation in Beijing,
Cangzhou, and Hengshui exhibited a trend of
decreasing followed by increasing from June 2018
to June 2022. In 2021 and 2022, due to increased
rainfall, groundwater storage in these cities showed
varying degrees of recovery. Groundwater storage
exhibited significant seasonal changes, with the
highest consumption occurring in summer. From
August to January of the following year, ground-
water storage gradually increased, reaching its
peak in January. From March to May, groundwa-
ter rapidly decreased due to winter wheat irriga-
tion, and during the summer irrigation period,
groundwater storage continuously declined, with
the greatest seasonal consumption occurring
around August each year.

The trend of ground subsidence in Beijing
largely mirrored the GWSA trend (Fig. 7a).
However, anomalies were observed in 2018 and
2021. In 2021, during a period of continuous
groundwater decline, the subsidence rate slowed in
the first half of the year but accelerated in the
second half. The seasonal variations in land defor-
mation closely mirrored the changes in groundwa-
ter storage, and the strong correlation between the
two suggests that groundwater fluctuations are the
primary cause of land deformation.
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In Tianjin (Fig. 7b), while there was no signifi-
cant trend in groundwater storage from June 2018
to June 2022, land subsidence continued through-
out the period. Groundwater storage and land
subsidence showed seasonal correlations, with
surface uplift occurring when groundwater storage
increased from August to February of the follow-
ing year. However, after February, as groundwater
storage fluctuated, surface cumulative deformation
continued to decrease.

In Cangzhou and Hengshui (Figs. 7c and 7d),
the land subsidence trends were highly consistent
with GWSA. In 2019 and 2020, both land land
deformation and groundwater storage showed a
decreasing trend, while in 2021 and 2022, with
increased rainfall in North China Plain, land subsi-
dence gradually slowed. Hengshui even experi-
enced a slight uplift, exceeding the peak average
values of the previous three years, suggesting that
increased rainfall can alleviate land subsidence.
The seasonal changes in land subsidence closely
followed changes in groundwater storage. How-
ever, there was a delay in the response of land
subsidence to GWSA, with a delay of approxi-
mately one month in Cangzhou and two months in
Hengshui. Both cities are primarily located in the
eastern and central plains, where deep groundwa-
ter from the third aquifer has been over-extracted.
These areas have thick, horizontally continuous,

Fig. 7 Relationship between GWSA and land deformation in different cities

Note: a, b, ¢, d represent Beijing, Tianjin, Hengshui, and Cangzhou, respectively.
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delayed subsidence response due to groundwater
extraction (Guo et al. 2017).

The land subsidence in the four cities exhibited
some correlation with changes in groundwater
storage. The North China Plain's front ranges
mainly experience the over-extraction of shallow
groundwater, while areas in the central and eastern
plains, such as Hengshui and Cangzhou, suffer
from over-extraction of deep groundwater, which
leads to delayed subsidence in these regions.
Despite the preliminary success of the South-to-
North Water Diversion Project and groundwater
over-extraction management in recent years, the
situation remains severe, particularly in agricul-
tural areas where excessive irrigation is prevalent.

3.3.2 Analysis of driving factors for land subsi-

dence
Previous studies have shown that land deforma-
tion is influenced by a combination of natural and
anthropogenic factors (Bagheri-Gavkosh et al.
2021). This study selected natural factors such as
topography and climate change, along with anthro-
pogenic factors such as groundwater storage
Anomalies and urbanization, as driving indicators
for analyzing the causes of land subsidence in the
study area. The specific indicators and their spatial
distributions are shown in Table 1 and Fig. 8.
Geological factors such as the thickness of Quater-
nary deposits and aquifer types were excluded, as
the focus was on the relationship between natural
geography, human activities, and land subsidence.
To minimize the influence of short-term ground-
water storage anomalies on land subsidence, the
GWSA rate from 2003 to 2022 in the North China
Plain was used as a key factor (Fig. 3). Rainfall in
the region in 2019 gradually decreased from south-

Table 1 Description of different driving factors

east to northwest, ranging from 360 mm/a to 773
mm/a (Fig. 8a). Based on the distribution of active
faults, fault lengths were statistically analysed on a
1 km x 1 km grid scale, resulting in a fault scale
index (Fig. 8b). The fault scale index is primarily
concentrated along the NE-trending faults of the
Taihang piedmont and Tangshan-Cixian areas, as
well as the NW-trending faults in Wuji-Hengshui.
The scale index decreases with distance from fault
lines, and with denser fault distributions in Beijing
and Tianjin. The highest values appear in Beijing,
Tangshan, and Tianjin.

Annual evapotranspiration (Fig. 8c) in the North
China Plain shows high-value areas in the south-
eastern Yellow River irrigation zone and the pied-
mont plains of Baoding and Shijiazhuang, with
lower values near Bohai Bay. Elevation decreases
from the Taihang Mountains toward the coastal
areas (Fig. 8d). The average NDVI (Normalized
Difference Vegetation Index) for the North China
Plain is 0.72, with uneven spatial distribution (Fig.
8e). NDVI values are lower in Beijing, Tianjin,
and coastal areas. Urban land use data were used to
calculate building density (Fig. 8f), and population
and GDP distributions (Figs. 8g, 8h) form local-
ized high-value zones in Beijing, Tianjin, Shiji-
azhuang, and other major cities.

This study used the annual land deformation rate
of each city as the dependent variable and applied
the natural breakpoint method to classify each
influencing factor. By maximizing the differences
between classes based on data similarity, break-
points were identified at locations with significant
ariations. Each factor was classified into 20 levels
for detailed investigation. To avoid classification
errors caused by variations in the number of subsi-

Data name Data description

Data source

North China Plain GRACE Using GRACE downscaled results, the GWSA change rate for the North ——

GWSA spatial distribu-
tion
Fault scale index

Annual rainfall spatial

distribution resolution: 1 km.

Evapotranspiration spatial Based on the 2019 GLASS and MODIS products, inversion results are

distribution used. Spatial resolution: 1 km.

NDVI spatial distribution Inversion based on 2019 SPOT data. Spatial resolution: 1 km.

DEM spatial distribution

Building density spatial
distribution

Population spatial
distribution

GDP spatial distribution

resolution: 1 km.

lution: 1 km.

SRTM3 DEM data, spatial resolution: 90 m.

Based on the 2019 land use data for the North China Plain, building land Zenodo
area within a 1 km grid is calculated. Spatial resolution: 1 km.
2019 population spatial distribution data for China, in 1 km grid. Spatial Resource and Environ-

China Plain from 2002 to 2022 was obtained. Spatial resolution: 1 km.

Based on fault line data, the length of fault lines withina 1 km gridis ——
calculated. Spatial resolution: 1 km.
The 2019 monthly precipitation data is accumulated annually. Spatial

National Earth System
Science Data Center

Spatio-Temporal Envi-
ronment Big Data
Platform

National Earth System
Science Data Center

Geospatial Data Cloud

ment Science

2019 GDP spatial distribution data for China, in 1 km grid. Spatial reso- Resource and Environ-

ment Science
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Fig. 8 Spatial distribution of different driving factors

dence point samples, the average annual deforma-
tion thresholds of =20 mm/a, —15 mm/a, and —10
mm/a were tested. The optimal g-value was
obtained at the —15 mm/a threshold. Thus, a defor-
mation rate of —15 mm/a was selected as the subsi-
dence threshold, with sample ratios of 1:2, 1:1, and
1:0.5 for subsidence and non-subsidence points to
examine the effect of sample size differences on
the geographic detector's explanatory power. The
results (Fig. 9) show that as the sample size
increases, the g-value also increases. However, the
ranking of each factor's impact on ground subsi-
dence remains largely consistent. Based on these
findings, the study selected a subsidence-to-non-
subsidence sample ratio of 1:0.5 for factor detec-
tion analysis.

Using the geodetector techniques, g-values for
the explanatory power of each factor were calcu-
lated (Fig. 10), with all factors passing the 95%
confidence level test. The influence of each factor
on the spatial distribution pattern of ground subsi-
dence in the study area varied, with the factors

http://gwse.iheg.org.cn
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ranked as follows: GWSA > DEM > evapotranspi-
ration > precipitation > fracture zone density >
building density > NDVI > GDP > population.
Among these, GWSA had the greatest influence on
ground subsidence, with a g-value of 0.387,
making it the most significant driving factor for
ground subsidence. DEM, evapotranspiration, and
precipitation emerged as primary driving factors,
while fracture zone density, building density, and
NDVI were secondary drivers. GDP and popula-
tion showed relatively low explanatory power.

The interaction detection results of the driving
factors (Fig. 11) reveal that the factors are interde-
pendent, with interactions contributing more to
ground subsidence than individual factors. The
results indicate a nonlinear enhancement or dual-
factor enhancement effect, showing that ground
subsidence in the study area is influenced by multi-
ple interacting factors. For instance, when GWSA
interacts with precipitation, fracture zone density,
building density, evapotranspiration, or NDVI, or
when precipitation interacts with evapotranspira-
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Fig. 9 Changes in the g-value of each influencing factor at different sample ratios
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Fig. 10 g-values of each influencing factor for ground subsidence in the study area

tion or fracture zone density, the combined
explanatory power exceeds 60%. This suggests
that these seven factors are the primary contribu-
tors to ground subsidence in the study area.
Notably, the interaction between GWSA and
precipitation has the greatest influence, yielding an
interaction g-value of 0.72.

The geodetector results highlight that the spatial
variability of ground subsidence is primarily
driven by groundwater fluctuations. Excessive
groundwater extraction, rather than replenishment,
is the main cause of groundwater depletion. Data
from the Haihe River Water Conservancy Commit-
tee show that from 2005 to 2022, the average
annual water supply volume was 37.3 billion cubic
meters, which is 1.2 times the total water resources
and 1.5 times the groundwater resources. Statisti-
cal data from 2019-2020 indicate average ground-
water level declines of 0.6 m in shallow aquifers
and 1.0 m in deep aquifers, primarily in agricul-
tural irrigation areas (Guo et al. 2021). Interaction
with other factors significantly amplifies the
explanatory power of GWSA, particularly with
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precipitation, fracture zone density, building
density, evapotranspiration, NDVI, and DEM. This
underscores that excessive groundwater extraction
has led to significant depletion of the water
resource in the North China Plain, and the
combined effects of other factors exacerbate
ground subsidence.

Climate change indirectly contributes to ground
subsidence by affecting groundwater dynamics.
Reduced rainfall and increased evapotranspiration
diminish groundwater recharge. During dry peri-
ods, increased groundwater extraction to meet
water supply demand intensifies land subsidence.
Conversely, increased rainfall can mitigate the
subsidence. In geologically active areas, variations
in Quaternary strata depth create depression zones
where excessive groundwater extraction acceler-
ates subsidence. Urbanization adds another layer of
complexity, as the load from buildings exacerbates
subsidence, particularly in areas with poor hydro-
geological conditions and extensive groundwater
development, posing risks to residents and infras-
tructure. Vegetation growth in ecological environ-
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Fig. 11 Interaction detection results of each influencing factor

ments also increases water consumption, contribut-
ing to groundwater depletion. Although the direct
impacts of population and GDP on ground subsi-
dence are relatively minor, their interaction with
GWSA significantly amplifies their influence. This
suggests that urban population growth and associ-
ated water demand accelerate groundwater deple-
tion, further driving subsidence.

4 Conclusions

This study integrates multi-source satellite data to
monitor the changes in groundwater storage and
ground subsidence, while conducting a coupling
analysis. From the perspective of geographic statis-
tics, it explores the factors influencing the spatial
distribution of ground subsidence, strengthening
the study of the spatial relationship between
groundwater storage fluctuations and ground subsi-
dence. The key conclusions are as follows:

(1) Groundwater storage decrease and land
subsidence trends: Over the past 20 years,
groundwater storage in the North China Plain has
gradually decreased due to factors such as agricul-
tural irrigation and urban expansion, with an aver-
age decline rate of 18.69 mm/a. While the South-to-
North Water Diversion Project and groundwater
over-extraction management efforts have effec-
tively mitigated ground subsidence in major urban

http://gwse.iheg.org.cn

areas, subsidence remains severe in the surround-
ing regions.

(2) Seasonal fluctuations and subsidence:
Seasonal fluctuations in both ground subsidence
and groundwater storage are generally aligned
across the cities studied. Beijing, which primarily
over-exploits shallow groundwater, exhibits the
shortest response time to seasonal changes in
groundwater storage, with no noticeable lag. In
contrast, cities in the central and eastern North
China Plain (e.g. Cangzhou, Hengshui) experience
delayed subsidence responses due to the over-
extraction of deep groundwater.

(3) Spatial distribution of ground subsidence:
The spatial distribution of ground subsidence in the
North China Plain is influenced by a combination
of multiple factors. groundwater storage Anoma-
lies serve as the primary driver, while Digital
Elevation Model (DEM), evapotranspiration, and
precipitation are secondary factors. Long-term
excessive groundwater extraction, compounded by
poor recharge conditions, is the main cause of
ground subsidence, resulting in soil compaction
and deformation. Additionally, the interactions
between various factors significantly amplify their
impact on ground subsidence, with the interaction
between groundwater storage Anomalies and
precipitation having the most pronounced effect on
ground subsidence in the study area.
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