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Abstract

Land deformation is a severe environmental problem that is often caused by groundwater overexploitation. Traditional
approaches, such as those based on ground leveling, are used as standard for monitoring land deformation, but they cannot
collect enough information for land-deformation mapping. In this study, the time-series Persistent Scatterer Interferometry
Synthetic Aperture Radar (PS-InSAR) was used as an improved method to identify land deformation in Cangzhou after
the initiation of China’s South-to-North Water Diversion Project (SNWDP). Machine learning (ML) models, including
random forest and k-nearest neighbor, were used to determine the relationship between groundwater pressure and land
deformation. The results showed that from 2018 to 2022, the deformation rate was up to —115 mm/year in Nanpi and
Dongguang and varied between —57 and —26 mm/year in Qingxian and Cangxian. Land deformation after the SNWDP
implementation was less than before. The ML models’ results show that the accuracy of the random forest and k-nearest
neighbor methods were 85 and 77%, respectively. Evaluation of the groundwater-level trend measured in six wells showed
that after the SNWDP implementation, the groundwater pressure started to recover in Cangzhou, but a decline has been
observed recently, particularly in 2022. The mean decrease in impurity (MDI) values demonstrates that aquifers IV and
III contribute the most to land deformation in Cangzhou, with the highest MDI values of 33 and 26%, respectively. The
study provides new insights into the evolution of regional land deformation, and the methods employed in this research
can be adopted in other regions with similar conditions.
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Introduction

Land subsidence is a relative sinking of the ground surface
and is reported to be a common worldwide geohazard (L.
Bai et al. 2022; X. Bai et al. 2022; Zhou et al. 2019). It
has caused severe damage in numerous countries such as
Pakistan, Nigeria, Italy, the United States, Australia, and
Iran (Figueroa-Miranda et al. 2018; Guzy and Malinowska
2020; Holzer and Galloway 2005; Ng et al. 2015; Ohen-
hen and Shirzaei 2022; Ranjgar et al. 2021). In China, land
deformation has been identified in several cities, such as Bei-
jing, Tianjin, and Cangzhou in the North China Plain (NCP;
Budhu and Adiyaman 2013). The rapid population and eco-
nomic growth have intensified groundwater exploitation,
leading to severe subsidence in the NCP (Shi et al. 2020; Ye
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et al. 2016). Cangzhou is one of the areas with a high popu-
lation density, and groundwater is the primary water source
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for agricultural, industrial, and domestic purposes (L. Bai
et al. 2022; X. Bai et al. 2022). Severe subsidence has been
observed in the centre of Cangzhou since early 1972 (Guo
et al. 2022). The most severe displacement in the centre of
Cangzhou reached up to 2 m between 1972 and 2005 result-
ing from groundwater overexploitation (Zhou et al. 2018).
Therefore, understanding human factors responsible for land
deformation is necessary for better safety management.

Land subsidence has been reported to be a direct con-
sequence of many natural and human factors (Argus et al.
2005; Pinel et al. 2011)—for instance, the overexploitation
of groundwater constitutes the main anthropogenic activ-
ity triggering land subsidence (Arabameri et al. 2021b). In
Cangzhou, studies demonstrated that the overextraction of
groundwater, especially from the deep aquifer, has increased
the subsidence in the area (L. Bai et al. 2022; X. Bai et al.
2022; Zhou et al. 2018). To control land subsidence and the
overexploitation of groundwater, the government launched
the South-to-North Water Diversion Project (SNWDP) in
2003, which involved drawing river water from the south to
the north of China (Sun et al. 2022). The SNWDP transfers
water from abundant regions to water scarcity areas, and
the project has transferred about 49.4 billion m® of water to
the NCP since its commission in 2014 (Wang et al. 2020).
Furthermore, it has been suggested that land subsidence
results from the interactions of multiple natural factors and
processes such as lithology, geology, hydrodynamics, and
land surface pressure (Abdollahi et al. 2019; Arabameri et al.
2021b). Studies have found that soil compression caused
by water extraction undergoes rheologic deformation, and
clayey soil, gravel, and sand aquifers may deform (Gong
et al. 2018; Sivasithamparam et al. 2015). Cangzhou has
silty and clay soils with relatively large flexibility, thus mak-
ing it more likely to experience permanent subsidence (Guo
et al. 2015); therefore, controlling and monitoring land sub-
sidence using technology models is required.

Remote sensing (RS) technologies, including Interferom-
etry Synthetic Aperture Radar (InSAR) and Differential Inter-
ferometry Synthetic Aperture Radar (D-InSAR), have demon-
strated considerable ability to measure land subsidence (Feng
et al. 2023; Pourkhosravani et al. 2022; Schlogel et al. 2015).
Previous investigations have used D-InSAR to accurately
identify ground displacement on a regional scale (Prati et al.
2010; Xu et al. 2016; Zhao et al. 2012). The method has been
utilized frequently to monitor landslides (Yao et al. 2021),
quantify surface subsidence (Raz et al. 2020), and monitor
seismic activity (Govil et al. 2019) and deformation (Hussain
et al. 2022a). However, D-InSAR is susceptible to environ-
mental factors that have spatiotemporal distribution, such as
atmospheric effects and temperature and humidity variations,
which restricts its competence to measure long-term surface
deformation with high accuracy. InSAR has demonstrated con-
siderable ability in various disciplines to monitor and predict
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catastrophes (Khan et al. 2022; Rateb and Abotalib 2020).
It has been employed to monitor landslides (Hussain et al.
2022b), subsidence (Arangio et al. 2014; Hilley et al. 2004),
and displacement caused by earthquakes (Gahalaut 2009;
Ruiz-Armenteros et al. 2018). InSAR techniques, such as
persistent scatter interferometry synthetic aperture radar (PS-
InSAR), have recently been employed to monitor land subsid-
ence (Cigna and Tapete 2021; Yang et al. 2018). PS-InSAR
is a new technique that can solve the difficulties faced using
the D-InSAR process (Colesanti et al. 2003). This method has
exclusive features for solving anomalies produced by backscat-
tering and atmospheric delay to enhance the accuracy of defor-
mation measurements (Borghero 2018). It has been employed
widely in several areas—such as Beijing (Zuo et al. 2019),
Spain (Mateos et al. 2017), African countries (Beladam et al.
2019; Cian et al. 2019), and Iran (Khorrami et al. 2020)—to
quantify land deformation and yield satisfactory results. Also,
machine learning (ML) models have been mainly employed for
land subsidence studies (Arabameri et al. 2021b; Jordan and
Mitchell 2015; Rahmati et al. 2019a, b). Random forest (RF)
is an ML algorithm that can handle missing values and avoid
overfitting problems in the dataset. It has been employed to
predict land subsidence caused by groundwater extraction in
Iran (Rahmati et al. 2019a, b). Likewise, the k-nearest neigh-
bor (KNN) algorithm has more advantages because it is flex-
ible, efficient to deploy in a complex dataset, and has been
employed to solve diverse problems (Tovar-Gémez et al. 2013;
Wang et al. 2015); therefore, in Cangzhou, several studies have
used the PS-InSAR technique to identify subsidence in the
area (L. Bai et al. 2022; X. Bai et al. 2022; Guo et al. 2015;
Zhou et al. 2018; Zhu and Guo 2014). However, studies have
focused on analyzing subsidence in previous years before the
implementation of the SNWDP in Cangzhou; therefore, this
study investigated the land subsidence after the SNWDP com-
menced operation. Additionally, ML models were employed
to determine the relationship between groundwater and land
deformation, which has not been explored in previous studies.
The main objective of this present research is to quantify
the land deformation in Cangzhou from 2018 to 2022 with
the advanced PS-InSAR technique. Second, RF and KNN
were used to determine the relationship between groundwa-
ter and land deformation. This research provides new insight
into understanding the current land deformation situation in
Cangzhou. The improved ML techniques employed in this
study to determine land subsidence and its relationship with
groundwater can be applied in various areas worldwide.

Study Area

Cangzhou is located in the North China Plain in the coastal
area of the Bohai Sea (Fig. 1). The site has flat land from
southwest to northeast. Cangzhou is formed of different
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plains, including the alluvial plain, the alluvial marina plain,
and the marine plain in the west, centre, and eastern part,
respectively (Wang et al. 2009). Land salinization and poor
drainage affect the coastal zone of Cangzhou (Sun et al.
2022). Four aquifers in the Quaternary sediments underlie
Cangzhou aquifer I, which is made of fine sand with a depth
between 20 and 30 m. Aquifer II is formed of clay with
medium sand ranging from 120 to 170 m depth (Zhou et al.
2018); however, the groundwater in these two aquifers is
affected by seawater intrusion, which leads to high salinity.
Aquifers III and IV are made of clay, gravel, and sand at
depths from 250 to 380 m and 380 to 500 m, respectively (Li
et al. 2014). Groundwater in deep confined aquifers III and
IV is used as a primary water source for drinking and irriga-
tion due to the good water quality. The shallow groundwa-
ter is replenished by surface-water infiltration, precipitation,
and lateral flow, whereas the recharge to deep groundwater
comes from lateral flow, compaction, and pore water from
the clayey sediments (Zhang et al. 1997).

In recent decades, Cangzhou has experienced a water
shortage caused by the high groundwater extraction rate. The
water resources have been reduced by 60% due to the lack of
precipitation and the drying-up of rivers, leading to droughts

(Zhou et al. 2020). The increasing demand for water in the
area has intensified the overexploitation of groundwater,
which provides almost 80% of the total water supply (Zhou
et al. 2019). The long-term groundwater abstraction led to
the largest depression cones of the NCP, with a maximum
head decrease of 100 m by 2005 (Gong et al. 2018), from
which the significant groundwater decline triggered severe
land subsidence of more than 2,000 mm. To solve the water
shortage associated with confined aquifers, the government
implemented a policy in 2005 to limit groundwater extrac-
tion; thus, surface water was transferred from the Dalangdian
reservoir (Pang et al. 2014).

Methodology
Dataset Description

This research used Sentinel-1 C-band SAR images col-
lected from January 2018 to December 2022 (ASF DAAC
2015); therefore, 62 SAR images were collected in ascend-
ing tracks and processed in SARPROZ software to identify
the ground displacement in the study area. Sentinel-1 has
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Fig. 1 a The location of the study area in China. b Map of the study area showing county boundaries
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advantages due to its wide range, which covers 250 km in
an interferometric wide swath mode and has an adequate
resolution of 20 m in the azimuth and 5 m in the range
direction (Hooper et al. 2012; Schmidt et al. 2015). Ter-
rain observation by progressive scan (TOPS) mode divides
the single scene into three sub-swaths that ensure the
same image quality throughout the swath. Interferomet-
ric wide (IW) strip maps (SM), extra-wide swaths (EW),
and waves (Wave) are acquisition modes for Sentinel-1
datasets (Da Lio et al. 2018; Schneider et al. 2006). The
IW mode has been employed to collect the SAR images,
which cover a single scene with an area of 250 km?. The
SAR images have significant spatial and temporal resolu-
tion with a short running time and are adequate to study
subsidence scenarios from satellites (Kaneda et al. 2008).
The description of the datasets employed in this study is
presented in Table S1 in the electronic supplementary
material (ESM), and a flowchart of the persistent scatter
interferometry process is shown in Fig. 2.

Persistent scatter interferometry (PS-InSAR
Technique)

Persistent scatter interferometry (PSI) is an approach
proposed by Ferretti (Prati et al. 2010). The method can
extract the target points with a stable radiometry property
and identify surface deformation by separating the topo-
graphic phase of the ground targets (Dehghani et al. 2013;

Reflectivity map

SLC data import

First PS estimation

Zhao et al. 2009). In this work, the deformation of the
study area was acquired using PS-InSAR in SARPROZ.
The deformation phase can be achieved by employing the
PSI process based on Eq. (1):

AQint = gﬂat + Qtopo + gdef + Qatm + gnoise (1)

The interferometric stage is presented as A@;,,, Bgy 1S
the flat phase of the earth, and @, , which is the topo-
graphic phase, can be replaced by the digital elevation
model (DEM) in SARPROZ. The deformation phase is
known as @,.; which is the deformation in the line of sight
(LOS), such as the vertical and horizontal movement.
Also, @, is the phase component of the atmospheric
phase delay and @,;.. is the noise phase, including noise
and other error components. The LOS can be converted
into vertical movement by the following equation:

d, = dyo5/cosf @

where d, represent the vertical movement, dj g is the line-
of-sight displacement, and cosé represents the angle between
the line-of-sight (LOS) and the vertical direction.

This technique detects coherent pixels over a time
series analysis and requires more than 20 images to
proceed (Vickers 2017). In this study, 62 images were
employed, and a flowchart of the PSI workflow procedure
in SARPROZ is shown in Fig. 2. The images used in this
research had identical rotations with ascending orbits. The
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Fig.2 The process of persistent scatter interferometry in SARPROZ
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extraction of the master image was the first step based on
the stack interferogram coherence using Eq. (3):

N
Z g(B;k’ Bk.max)g(Ts,k’ Tmax)g( ;ék’fdc,max) (3)

i=1

where y* is the cumulative coherence for master image k, and
s is used as an index or identifier associated with k. B, ...
T\ax> and fy. o are the maximum values for the perpendicu-
lar spatial baseline, temporal baseline, and Doppler centroid
frequency, respectively. g represents the function used to pro-
cess the parameters associated with spatial and temporal base-
lines. In the master extraction step, a temporal baseline dis-
tribution is formed between master and slave images (Fig. 3).
The images were then categorized, and the specified area was
selected and analyzed; furthermore, the topographic and flat
terrain influences were removed by utilizing external DEM
and orbital data. Persistent scatter (PS) candidates were cho-
sen based on SAR analysis by calculating the amplitude stabil-
ity index (ASI). The ASI Eq. (4) can be seen in the following:

I3 (s.|-Is1°
% _V N 4)

ASl = — =
o L3N s

N means the number of images, o, is the standard devia-
tion, 0 is the average value of the amplitude, S is the mean

magnitude or amplitude of each value. Selecting an ASI
threshold above 0.75 is recommended (Lei et al. 2016). In
this work, the threshold for the ASI was 0.80 for the first
PS selection; therefore, the Delaunay graph established a
network by connecting the PS-selected points to create a
triangular area that optimally covers the area of interest
(Hussain et al. 2022a). This step calculates the differential
residual topographic error and deformation velocities. Then,
parameters were estimated using a linear model (linear dis-
placement velocities and residual height), and the deduction
of the atmospheric phase screen (APS) was assessed in the
residual phases by graph inversion. The usual way to esti-
mate the displacement is to use a linear model, which can
be expressed as in the following equation:

disp 4#
Mg D)= =8, (p)B,, ®)

A is the speed with target p, and B, is the temporal base-
line, k and s are the parameters of combination for the selected
reference point, and ¢ represents the time. In this step, it is
necessary to choose a stable reference point to fix the velocity
values (a stable point is a chosen point on the ground).

The second phase of analysis was the second PS selec-
tion, and the ASI used was 0.69 to produce more concen-
trated PS points. The last step was APS removal using the
same parameters and reference points for APS estimation.
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Fig.3 The temporal baseline between master and slave images (shown as blue circles), collected from 2028 to 2022, in ascending tracks
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In this step, the temporal coherence of PS was estimated
to identify the APS veracity, generating satisfactory results
higher than 0.7 (Fig. 4). Finally, PS was displayed using the
scatter plot module and the geocoding in Google Earth and
exported in ArcGIS.

Groundwater level variations

Groundwater level elevation was obtained from six wells in
Aquifer IV to understand the confined aquifer’s piezometric
variations. Well measurements were obtained from field-
work conducted between 2017 and 2022, and the data were
obtained automatically using a water level probe. It is well
recognized that piezometric levels vary seasonally due to
weather changes and agricultural activity; therefore, the data
for the six wells were acquired each November to observe
the groundwater level trend. The locations of the six wells
can be observed in Fig. 5a.

Modeling development and data preparation

In all, 250 groundwater level measurements were collected
from 4 aquifers (I, II, III, and IV) in July 2022 and used
to understand the relationship between groundwater and
land subsidence. Therefore, the models include four inputs,
including the groundwater level of aquifers I, II, III, and IV,
with the land subsidence as output. The data were converted
into low and high categories, and as a binary classification
analysis, deformation rates above —3 mm/year are consid-
ered significant (Suksathien et al. 2022); thus, deformation
more than —3 mm/year is classified as 1, and deformation
less than —3 mm/year is classified as zero. Random forest
(RF) and k-nearest neighbor (KNN) machine learning models

were used in this study to predict the relationships between
groundwater and land deformation in the study area. The RF
approach utilizes numerous trees to form a robust and accu-
rate model. For model development, randomness is intro-
duced in two ways: first, there is a random selection with
replacement of all data rows, which results in one-third of the
data not being selected for a given tree (referred to as “out
of bag” samples), and secondly, there is a restricted number
of randomly selected variables made available at each node
(Podgorski et al. 2018). The RF is defined as Eq. (6):

y=1=p, ©)

where y is the label for an instance, » is the number of trees,
and p; signifies each tree’s prediction. The model’s dimen-
sion tree can be controlled by setting the necessary sam-
ples at the tree’s maximum depth and leaf node. Also, the
mean decrease in the impurity (MDI) of the RF impurity is
employed to determine the aquifers that contribute the most to
the subsidence in the study area. In the MDI, a variable with
a significant reduction is considered essential in the impurity,
and the more significant the mean decrease in impurity, the
more influential the variable is (Tesoriero et al. 2017).

Also, KNN is an algorithm usually employed for clas-
sification analysis and is used in this study to understand
the correlation between groundwater piezometric level and
land deformation. It is mainly known as a nonparametric
learning algorithm that does not consider any assumption
in the data distribution. The model necessitates the selec-
tion of k, meaning the number of neighbors. The param-
eter ‘4’ in KNN is complex to identify and refers to the
number of nearest neighbors comprising most of the vot-
ing process. It directs the voting system in the KNN, in
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which neighbors with the smallest distance are selected
(Pham et al. 2021). In this analysis, the neighbor’s value
with the majority of voting is k, equal to 5. Therefore, to
identify the number of the best neighbors for the model,
the cross-validation data were selected from the training
data to assess various k values. This process permits the
label’s prediction for every instance in the validation set
using k (equal to 1, equal to 2, equal to 3....). It selects the
value of k that gives the best performance on the valida-
tion set and uses that value in the final prediction for the

algorithm. Therefore, the algorithm requires the k value
and the distance function, and the model calculation dis-
tance is defined as the following Eq. (7):

(N

where K is the vector distance metric between two points,
y is the parameter vector distance of the new dataset point,

@ Springer
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which means the predicted values, x* is the parameter vector
of a single training data point in the independent variables,
and p is the number of parameters used for prediction.

Model evaluation

The model’s evaluation was done using a confusion matrix
to measure the model’s performance. A confusion matrix is
a statistical metric to evaluate the performance of classifi-
cation analysis (Nafouanti et al. 2023). This metric shows
the capability of the model to forecast the actual compared
to the predictive values. Therefore, sensitivity, specificity,
accuracy, and error rate were computed from the confusion
matrix. The different metrics equations are described by
Egs. (8)—(11) as follows (Fan et al. 2022):

Sensitivity = — b 3
YT TP+ EN ®)
. TP
Specificity = ————
pecificity TN + FP )
Errorrate = FP + FN (10)
TP+ TN + FN + FP
Acuracy = — 1P+ TN an
TP + TN + FN + FP

where TP means true positives, which are instances where
the model correctly identifies positive cases. The TN val-
ues are instances where the model correctly identifies neg-
ative cases. FP is the false positive, meaning the number
of points predicted as having deformation while having
no deformation. The false negative (FN) is the number of
points predicted as having no subsidence while they do have
subsidence.

Results and Discussion

Spatio-Temporal Subsidence Distribution
in Cangzhou

PS-InSAR was employed to study the spatial distribution
of land subsidence in Cangzhou using data from 2018 to
2022 after the South-to-North Water Diversion Project was
initiated. As is well known, several studies have reported
that severe subsidence caused by groundwater extrac-
tion was identified in the centre of Cangzhou (Gong et al.
2018; Su et al. 2021). The South-to-North Water Diver-
sion Project started to supply water in Cangzhou in 2017
to alleviate the high subsidence in the area. Therefore, this
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research investigates the spatial distribution of the mean
land deformation in the centre of Cangzhou from 2018 to
2022 (Fig. 5a). The region is divided into seven areas based
on the counties that have subsidence above —20 mm/year
and revealed that the mean deformation in the centre of
Cangzhou varied between —115 to —26 mm/year obtained
from the PS-InSAR technique. The most severe deforma-
tion was observed in areas C and D, with a maximum rate
of —115 mm/year in Nanpi and east of Dogguang. In areas
A and B, the deformation varies between —57 and —26 mm/
year in Qingxian and Cangxian. The PS-InSAR technique
also identifies a few deformation points higher than 20 mm/
year in areas E, F, and G; however, several points in these
areas (E, F, G) have no deformation. The safe areas with
no deformation are shown as positive values in blue color
(Fig. 5a). The results are consistent with previous studies
that found a high deformation in the same counties, dem-
onstrating the accurate results of the PS-InSAR technique
(L. Bai et al. 2022; X. Bai et al. 2022; Zhou et al. 2018,
2017). Ground uplift is observed in the centre of Cangzhou
(areas with positive values), which should be attributed to
the increase in groundwater piezometric pressures due to
restricting groundwater exploitation. The Cangzhou uplift
is historically evident in the deformation centre (L. Bai
et al. 2022; X. Bai et al. 2022). Land deformation is most
observed in urban areas, specifically in central Cangzhou,
caused by the dense population and thus increased indus-
trial and agricultural activities, leading to more groundwater
extraction before the SNWDP (Guo et al. 2015; Zhou et al.
2018). Another possible reason is the construction of heavy-
weight buildings (Khan et al. 2022).

Furthermore, PS-InSAR was validated by verifying the PS
points with leveling measurements; thus, leveling data from
1990 to 2010 (Su et al. 2021) of the NCP and 38 leveling points
were acquired in Cangzhou. The results of the PS-InSAR and
the leveling points show a high correlation, reaching 0.94
(Fig. 6), demonstrating that the two sets of points revealed
good reliability. The PS points and leveling have identified
deformation areas of more than —20 mm/year, indicating severe
deformation in those areas. Therefore, this confirms the PSI’s
consistency in quantifying land subsidence in urban areas. The
locations of the leveling points are shown in Fig. 5b, and most
are observed in areas B, D, C, and A. These results demonstrate
that the PS-InSAR and the leveling are consistent in areas A, B,
C, and D; however, the PS-InSAR identified several locations
in area G as having no deformation, but this area is identified
with more leveling points, which suggests that the deformation
in that area is already recovered. The areas with high defor-
mation with the PS-InSAR and the leveling approaches—such
as Nanpi, Qinxian, Dongguang, and Cangxian—were also
detected with high deformation in previous research (L. Bai
et al. 2022; X. Bai et al. 2022; Zhou et al. 2018).
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Groundwater piezometric trends

Cangzhou has experienced extensive land deformation caused
by groundwater extraction in confined aquifers, and the
changes in piezometric pressure concur with the land defor-
mation (L. Bai et al. 2022; X. Bai et al. 2022; Chen et al.
2020; Fan et al. 2021). Establishing the SNWDP project
has reduced groundwater pumping compared with previous
years (Hwang et al. 2016; Wang et al. 2019). The water level
elevation from six wells in Fig. 7 demonstrates that in wells
1, 2, and 5, the water level was higher from 2017 to 2019,
whereas from 2020 to 2022, the water level declined. The
water level decline might be attributed to long-term ground-
water extraction and less precipitation. In wells 3 and 6, in
2017, 2021, and 2022, the water levels were lower than from
2018 to 2020; additionally, well 4 shows a high-water level in
2017, 2018, and 2021 compared with 2019, 2020 and 2022.
Therefore, it can be seen that after the SNDWP was initiated,
the water level started to recover, but that a decrease has been
observed in recent years, particularly in 2022, in the six wells.
The reduction of groundwater level in recent years explains
the presence of land deformation identified in the study area.
Reduction of groundwater level in the wells can be caused by
climate change, and by long-term droughts, which were also
the principal reasons for the groundwater decline in Cangzhou
(L. Bai et al. 2022; X. Bai et al. 2022). The drought climate
has a double effect on groundwater variation. It decreases
groundwater recharge, and more groundwater is extracted to
provide the necessary water during droughts. Consequently,
drought conditions will decrease the groundwater level, and
land subsidence will intensify accordingly.

Furthermore, the groundwater level of aquifers I, II, III,
and IV in July 2022 was observed at different locations

within the study areas (Fig. 8). With GIS spatial analysis,
the results show that in Nanpi, where the highest deforma-
tion rate reaches —115 mm/year, the groundwater level has
been lowered by more than 78 m. In Cangxian and Qingx-
ian, the groundwater level is lowered between 52 and 65 m,
and those areas have moderate deformation, reaching —26 to
—57 mm/year. The piezometric level in the confined aquifers
in several counties of the study area has shown a significant
decrease, which explains the current deformation observed
in the area; therefore, groundwater restriction should be
enhanced in the study area to recover the groundwater level
to control land deformation.

Relationship between groundwater and land
deformation using RF and KNN

The performance of RF and KNN using the confusion
matrix was employed to understand the relationship between
groundwater pressure and land subsidence in Cangzhou. The
two models yielded satisfactory results in predicting land
subsidence. The RF achieved an accuracy of 85%, sensitivity
of 98%, specificity of 75%, and an error rate of 15% (Fig. 9).
The model has shown a good performance due to its ability
to identify high sensitivity. The high sensitivity predicted by
the model confirmed the deformation rate identified in the
study area, and the specificity demonstrates the areas with
no deformation rate predicted by the model. Therefore, the
RF’s considerable accuracy, sensitivity, specificity, and lower
error rate confirmed the random forest method’s ability to
predict land subsidence using groundwater pressure data.
These results demonstrate that the water pressure change
affects land deformation in the research area. The RF was
previously employed to understand the relationship between
groundwater pressure and land subsidence in Beijing, and the
model demonstrated a high performance (Chen et al. 2020).

The results of the KNN revealed an accuracy, sensitivity,
specificity, and error rate of 77, 89, 67, and 23%, respec-
tively (Fig. 9). The KNN model demonstrates exemplary
performance in forecasting land deformation using the
groundwater level of the four aquifers. The model performs
with high sensitivity and specificity, which suggests a high
performance in terms of prediction; thus, the RF and KNN
findings confirmed the consistent relationship between
groundwater pressure and land deformation, constituting
the leading cause of ground displacement in the research
zone. The findings are consistent with previous studies,
which revealed that groundwater extraction is the leading
cause of land displacement in Cangzhou (L. Bai et al. 2022;
X. Bai et al. 2022; Su et al. 2021; Sun et al. 2022).

The mean decrease in impurity has been employed to
identify the aquifers that contribute the most to land defor-
mation in the study area. The mean decrease in impurity is a
measure of feature importance developed in RF. The features
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that will split near the tree root have a high value (Calle
and Urrea 2011; Wang et al. 2020); therefore, the impor-
tant feature contributing to the output will be the largest in
the plot with a significant mean decrease in impurity values

@ Springer

(Fig. 10). Thus, aquifers IV and III have the highest values in
the plot and have a mean decrease in the impurity of 33 and
26%, respectively, thus wielding the most influence on land
deformation in the study area. Aquifers II and I have shown
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a mean decrease in impurity of 24 and 20%, respectively.
These results revealed that the decrease of groundwater pres-
sure in the deep confined aquifers (III and IV) contributed
the most to the land deformation in the study areas. These
findings are consistent with previous works reporting that
the main groundwater used in Cangzhou is from confined
aquifers (L. Bai et al. 2022; X. Bai et al. 2022; Su et al. 2021;
Wang et al. 2009). The water in the upper aquifer layers in
Cangzhou is known to be brackish and saline (L. Bai et al.
2022; X. Bai et al. 2022); therefore, the groundwater is usu-
ally extracted from the confined aquifers III and IV, which
explains the high influence of the confined aquifers on land
subsidence in the study area. Also, the ability of the mean
decrease in impurity to determine the input variables that
contribute to output was reported in previous works (Bhat-
tacharya and Mishra 2018; Dhiman and Keshari 2006).

Furthermore, the correlation between land subsidence
and the water pressure of the confined aquifers (I, II, I,
and IV) was investigated (Fig. 11), and the results reveal
a correlation of 0.99, a result that demonstrates that land
deformation and groundwater pressure have a consistent
relationship. These results confirmed the finding of ML to
identify the relationship between groundwater pressure and
land deformation.

Effects of natural and human activities in Cangzhou

Human activities and natural factors contribute to land defor-
mation on global and regional scales (Milillo et al. 2018).
Cangzhou is an area of water scarcity caused by population
growth and environmental pressure; thus, the lack of surface
water and the high salinity in the shallow groundwater have

Subsidence (mm)

T
15 30 45 60 75 920 105

Well groundwater-level elevation (m)

Fig. 11 Correlation between groundwater level in wells of the four
aquifers (I, II, ITI, IV) and land subsidence

led to overabstraction of the deep groundwater to maintain
economic development and growth. The groundwater is prin-
cipally abstracted for agriculture (about 66.1%) and drinking
(Guo et al. 2015), whereas another factor is mining, which
is often associated with subsidence in several parts of the
world (Al Mukaimi et al. 2018). With the intensification
of machine-operated wells for groundwater extraction and
the increased mining activities, the groundwater level has
dropped, and a regional groundwater depression cone has
gradually formed in the NCP (Guo et al. 2015). Mining oper-
ations involve the extraction of valuable minerals or other
geological materials from the earth. The water extracted from
wells may serve several purposes in mining, such as cooling

Fig. 10 Significant predictors to
the subsidence using the mean
decrease in impurity

Aquifer |
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and ore processing. With increased extraction, the pore-water
pressure is reduced, and the clayey soil layers lose water due
to compaction, resulting in land deformation. During 1996,
the mean volume of mining material extracted in the region
was 6.5x 10* m®. The volume in 2001-2003 was 9.2 % 10°
m?, which enhanced groundwater consumption (Shao et al.
2017). Likewise, silts and clays with organic matter in con-
fined aquifers show high storativity and compressibility with
low transmissivity, which influence land subsidence and
have been revealed as a primary source of land deformation
around the globe (Holzer and Johnson 1985).

Conclusion

The present research employed PS-InSAR to quantify
the current land deformation situation in Cangzhou after
implementing the South-to-North Water Diversion Project.
Machine learning models, such as random forest (RF) and
k-nearest neighbor (KNN), were also used to determine the
relationship between groundwater pressure and land defor-
mation. The findings demonstrated that the deformation
rate in the area reached —115 mm/year, while several loca-
tions have deformation rates between —57 and —26 mm/year.
Moreover, the results from the RF and KNN showed that the
models suggested satisfactory results, with an accuracy, sen-
sitivity, specificity, and error rate of 0.85, 98, 75, and 0.15%
for the RF, and 77, 89, 67, and 0.23% for the KNN, respec-
tively. Also, the value of the mean decrease in impurity was
employed to find the aquifers that most influence land sub-
sidence in the study area. The results showed that aquifers
IV and III influenced the output most, followed by aquifers II
and I; thus, the adopted techniques performed well in quanti-
fying land subsidence and its relationship with groundwater
pressure. These results revealed that PS-InSAR is a reliable
technique for studying deformation in the area and can be
implemented in many urban areas to quantify land subsid-
ence. Machine learning models such as RF and KNN are
suitable techniques to determine the relationship between
groundwater pressure and land deformation, and they can be
applied in other areas facing similar challenges. Therefore,
future study needs to focus on developing powerful tech-
niques to characterize each parameter responsible for land
deformation and identify locations and livelihoods that may
be affected by land deformation to improve sustainability.
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