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Abstract: Being built on the reclamation area, Shanghai Pudong International Airport (SPIA) has
been undergoing uneven subsidence since the beginning of its operation in 1999. In order to explore
the evolution characteristics of ground deformation in the SPIA reclamation area and further provide
assurance for the airport’s safe operation, 141 Sentinel-1A images from October 2016 to September
2021 were selected to acquire time-series ground deformation observations by the StaMPS PSI
processing procedure. We subsequently built a ground deformation prediction model using the Long
Short Term Memory (LSTM) neural network for the short-term prediction of the SPIA deformation
severity area. On this basis, the spatial-temporal evolution trends of SPIA ground deformation in the
reclamation area were revealed concerning the influence and mode of action of geological conditions
and environmental factors. Finally, we proposed targeted recommendations and strategies for the
comprehensive ground deformation prevention and control needs of SPIA. The results indicated
that the SPIA exhibits overall subsidence in the eastern part, with the maximum deformation rate
reaching —57.29 mm/a. Meanwhile, the central and western part has a local uplift with the maximum
deformation rate reaching 32.76 mm/a. The proposed LSTM ground deformation prediction model
demonstrated excellent robustness in the region of uneven deformation, and the prediction results
were in high agreement with the StaMPS PSI monitoring results. The time-series observations and
prediction results are expected to provide references for the expansion project of SPIA and help the
research of ground deformation and prevention in related fields.

Keywords: Shanghai Pudong International Airport; reclamation area; INSAR; LSTM; deformation
evolution prediction; prevention and control strategies

1. Introduction

With the rapid socio-economic development, many coastal cities have resorted to recla-
mation to alleviate the shortage of land for urban construction and transportation [1-3]. To
implement the city planning rationally and reduce the pressure of air transportation, most
of the coastal cities built their airports near the sea and far from the downtown area, such
as Hong Kong International Airport [4], Macau International Airport [5], Shanghai Pudong
International Airport [6], etc. These airports will inevitably have ground deformation
problems, especially uneven deformation, due to the short period of land reclamation
and weak natural foundations, which pose a significant safety hazard [7]. Therefore, it
is essential to grasp the ground deformation of airports in reclamation areas in time and
propose corresponding prevention and control strategies for safe airport operation.
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Traditional methods of ground deformation monitoring in the airport are mainly based
on ground instrument measurements at some point targets, such as Global Positioning
System (GPS) and leveling. It has disadvantages including its time-consuming nature and
difficulty in clearly showing the macro-spatial distribution of ground deformation, espe-
cially for massive infrastructure with large areas and long spans, such as buildings, roads,
bridges, etc. The disadvantages are particularly obvious. With the rise of Interferometric
Synthetic Aperture Radar (InSAR) technology, it enables large-area ground deformation
monitoring with higher spatial resolution and subcentimeter accuracy, breaking through
the limitations of traditional methods [4,8,9]. However, the INSAR technique is susceptible
to decorrelation, atmospheric artifacts, and orbital errors [10]. Therefore, the Time Series
InSAR (TS-InSAR) technique was proposed to explore the spatial-temporal characteristics
of the ground deformation in detail [11-13]. In 2004, Hooper et al. proposed the Stan-
ford Method for Persistent Scatterers (StaMPS) technique, which further improves the
spatial resolution of observation points through interference phase and amplitude statis-
tics [14]. Moreover, the high-resolution observations acquired help improve the monitoring
capability in the decorrelation area [15].

In recent years, TS-InSAR technology has been imported into the ground deformation
monitoring in reclamation airports [16,17]. Miao et al. extracted spatial and temporal
deformation information from 2007 to 2010 at Shenzhen Baoan International Airport, China,
using an improved Persistent Scatterer Interferometry (PSI) technique. The results showed
that uneven subsidence was observed in the newly reclaimed area of the airport [18]. Zhao
et al. used the PSI technique and Envisat satellite data to obtain the ground deformation
of Hong Kong International Airport from 19 April 2006 to 9 January 2008 [19]. Jiang et al.
used an improved PSI technique to invert the mean deformation rate and SPIA ground
deformation; they performed time-series deformation analysis using the high-resolution
TerraSAR-X satellite imagery acquired from September 2011 to October 2012 [6]. Yu et al.
used X-band TerraSAR-X (TSX) and TanDEM-X (TDX) data to extract ground deformation
information for SPIA from December 2009 to December 2010 and from April 2013 to
July 2015. The time-series analysis showed that the SPIA experienced significant ground
subsidence, with cumulative deformation reaching —30 mm and —35 mm, respectively [7].
Although previous research extracted information on airport deformation in reclaimed
areas, it is challenging to explore the deformation evolution trend model and reveal the
relationships between the ground deformation and various geological and environmental
factors. In addition, most of the relevant studies for SPIA were performed before 2017, and
recent results are lacking.

With the rapid development of the above-mentioned TS-InSAR technology in reclama-
tion airports’ ground deformation, monitoring data characterized by dense time series are
becoming more and more available, making it possible to predict the ground deformation
of reclamation airports. The prediction methods include three main categories: mathe-
matical and statistical models, empirical models, and traditional artificial neural network
models [20-23]. However, the applicability potential of these conventional methods is often
limited by a priori knowledge. Moreover, the obtained prediction results are unreliable
due to the lack of prior model parameters or relevant data [24,25]. In contrast, the Long
Short Term Memory (LSTM) neural network can efficiently and accurately predict time
series data by considering historical data’s nonlinearity and time dependence and showing
excellent performance in ground deformation prediction [23,24].

For revealing the ground deformation evolution characteristics of the SPIA reclama-
tion area in recent years, this paper carried out the prediction of deformation evolution and
subsidence pattern analysis of SPIA by the long time-series ground deformation observa-
tions acquired with the StaMPS PSI. This article is organized as follows. Section 2 presents
the study area and datasets. Section 3 describes the methods involved in ground deforma-
tion monitoring and LSTM prediction models. Section 4 offers the ground deformation
monitoring results and accuracy verification. Section 5 demonstrates the performance of
the LSTM prediction model and proposes a ground deformation prevention and control
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scheme in the context of geological and environmental effects on ground deformation. The
conclusions are drawn in Section 6.

2. Study Area and Datasets
2.1. SPIA and Its Reclamation History

The SPIA is located in the coastal area of Zhugiao Town, Pudong New District, Shang-
hai, China, about 30 km from the downtown area. The majority of SPIA is built on reclaimed
land with a total area of approximately 824,000 square meters (Figure 1a). As one of three
major international airports in China, this airport had a passenger throughput of 74,006,300
and 3,768,600 tons of cargo and mail in 2018 [26]. As shown in Figure 1b,c, SPIA has been
included in the municipal planning of Shanghai since 1986 [27]. After completing the Phase
I project (mainly the Terminal T1 and a runway), the airport was put into operation in
1999 [27]. The design process of the SPIA Phase II project was completed in 2006, followed
by the expansion of Terminal T2, Runway 3, Runway 4, Runway 5, and the world’s largest
single-satellite hall, gradually forming the scale of today [28]. Most runways and infrastruc-
ture were constructed on foundations from different periods, leading to uneven ground
deformation in subsequent years. Therefore, it is essential to research ground deformation
monitoring and the evolution pattern of SPIA for the overall stability assessment and safe
operation of the airport.
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Figure 1. Google Earth-based maps of (a) Shanghai city and the study area; (b) spatial evolution of
land reclamation in Shanghai Pudong International Airport (SPIA) since 1986; and (c) a sketch map
of the SPIA. F1 to F14 represent the leveling points; d1 and d2 represent the two endpoint locations of
the Shen-Jia-Hu Expressway at the SPIA.

2.2. Datasets

The data of Sentinel-1A from January 2016 to September 2021 were collected for mea-
suring the ground deformation of SPIA. The SPIA has been expanding over the past years.
The time-series dataset was divided into five groups (S1 to S5) to reduce the decorrelation
and atmospheric delay. In addition to using leveling-point data (F1 to F14 shown in Fig-
ure la [29]) to validate the StaMPS PSI results, repeated data were set up between every
adjacent group for cross-validation, as outlined in Table 1. ESA’s precise orbit determination
(POD) was imported to remove the orbit error, and the topographic phase components
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were removed from the interferograms with Shuttle Radar Topography Mission (SRTM) 1
arc-sec (30 m) data. The acquisition dates of the images are indicated in Figure 2.

Table 1. Basic parameters of Sentinel-1A images.

Parameter/Groups S1 S2 S3 S4 S5
Acquisition dates 20161006-20171001 20170919-20181101 20181020-20191214 20191201-20210113 20210101-20210922
Repeat data 20170919-20171001 20181020-20181101 20191202-20191214 2021010-20210113
Imaging Mode Interferometric wide swath mode (IW)
Swath 250 km
Ground resolution 5mx 20 m
Polarization Vertical polarization (VV)
Orbit number 171
T T T T T
~ 100 .
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Z sor .
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g of :
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2100 .
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2017 2018 2019 2020 2021
Acquisition Date

Figure 2. Acquisition dates and perpendicular baselines of SAR data.

3. Methodology

The StaMPS PSI technique was applied to process Sentinel-1A data and determine the
ground deformation of the time series INSAR for SPIA from 2016 to 2021. Then based on
StaMPS PSI observations, an LSTM neural network was established and applied to predict
the ground deformation. Finally, we proposed recommendations and strategies for SPIA
ground deformation prevention and control. The method flow is shown in Figure 3.

3.1. StaMPS PSI

This Persistent Scatterer (PS) points selection is based on a spatial correlation of
interferometric phase and amplitude dispersion, which is the critical principle of StaMPS
PSI. In contrast, other PSI approaches identify PS using a functional model of ground
deformation fluctuating with time [14]. Assume N interferograms are created from N + 1
SAR images obtained on the same track and in the same study area for one master image
at various epochs. The master image we chose should take into account the temporal and
spatial baselines and the effect of the Doppler central frequency [30,31]. We initially chose
the PS candidates using a delta amplitude dispersion threshold of 0.4.

The amplitude dispersion index D4 value is used to filter non-PS candidate pixels.
The amplitude dispersion index is denoted as [32]

oA
Dy=— 1
AT @
where 04 and 14 are the standard deviation and mean of the amplitude values, respec-
tively. The phase stability of each candidate PS pixel was estimated after a subset of PS
candidates was chosen. The differential interference phase wrapped by one PS pixel X can
be characterized as follows [31]:
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Pxi = W{‘Pdef,x,i + ‘Patmp,x,i + A(PS,Jc,i + A(Pe,x,i + (PN,x,i} (2)
where W{.} is the wrapping operator; ¢qef ;i is the phase change caused by surface
movement in the line-of-sight (LOS) direction and is vital for deformation analysis. Patmp,x,i
and A¢s  ; are the atmospheric delay component and the residual phase component caused
by inaccurate satellite orbits, respectively. A¢y , ; represents the phase component due to
look angle inaccuracy, while ¢y , ; represents the noise generated by scattering effects.
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Figure 3. The overall technical flow chart.

Equation (3) can be used to check the phase stability of the remaining pixels [33].

N
= S|l e J ~1(pui — G — 0G5 ) ()
i=1

N represents the number of interferograms, ¢,; represents the wrapped phase, ¢,;
represents the wrapper estimate of the spatially relevant part of ¢,;, and Aqbgg is the error
phase. PS pixels are selected from pixels that meet the desired convergence rate. The DEM
errors are estimated and removed using the selected PS points. After phase unwinding and
high and low pass filtering, the final deformation is obtained.
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3.2. Long Short Term Memory Neural Network

In recent years, deep learning as a new machine learning method has received much
attention from many industries [23,34-36]. LSTM was proposed by Hochreiter and Schmid-
huber in 1997 [37]. It is a recurrent neural network (RNN) architecture designed to cope
with serial data, so it has a unique advantage in learning the features of time series data.
Figure 4 shows the basic structure of the LSTM model [23].

h
Forget Input Output Q
gate gate gate

Cell Cell

5 E 5
Figure 4. The basic computational unit of the LSTM model.

The first step of the LSTM relies on a sigmoid layer called the “forget gate layer” to
decide what information to retain from the cell state. When the data entered are essential,
the “forget gate layer” chooses to forget the previously entered data and keeps the current
data. Equation (4) is the calculation method for the forget gate.

ft = U(Wt [he—1, x¢] + bf) 4)

where f; represents the forget gate and ranges from 0 to 1; o represents the sigmoid function;
W: and by indicate the forget gate’s weight vector and offset, respectively. The output of the
LSTM network at the t — 1 layer is represented by h;_1, and x; represents the input vector.

The next step needs to be divided into two parts to decide what new information
needs to be stored in the cell state. First, the sigmoid layer decides which values we want
to update. Then, the tanh layer generates a vector of new candidate values C;, which can
be added to the state. The following equation can express the input gate.

ir = o(Wilhi—1, x¢] + b;) ®)

ét = tanh(WC [ht_l,xt] + bc) (6)

where i; is the input gate, W; is the input gate weight vector, b; is the input gate deviation
vector, W represents the weights used for updating, and b¢ represents the deviation [23].
The current state of the network layer, determined by both the input gate and the forget
gate, is calculated as follows.

Ci=fi*Crq+irxC (7)

Finally, the output gate decides whether or not to output the current state and what
information is available for output.

o = 0(Wolhs—1, x¢] + bo) 8

I’lt = 0t* tanh(Ct) (9)

where o; and &; represent the output gate and the new output value, respectively. W, is the
weight vector of the output gate and b, is the deviation vector.
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The Root Mean Square Error (RMSE) was used to evaluate the accuracy of the LSTM
neural network.

M

1
RMSE = | — Y (yt — 1)* (10)
Mt:l

where y; and §; are the ground deformation observations and LSTM predictions at time t,
respectively, and M is the number of training and test datasets.

4. Results
4.1. Spatial Distribution of Deformation

Figure 5 shows the average deformation rate of SPIA obtained from the SAR data
from groups S1 to S5. Negative values in the graph indicate ground subsidence, while
positive values indicate ground uplift. As shown in Figure 5, there was an overall uneven
deformation of SPIA, with the average deformation rate varying between —57 mm/a and
33 mm/a. Ground deformation is most severe in the eastern part of SPIA, especially in
the area near the offshore and in the vicinity of Runway 5, where subsidence rates ranged
from —57 mm/a to 20 mm/a. In the central and western parts of SPIA, local ground uplift
occurs especially in Terminal T1 and Terminal T2 and along the Shenjiahu Expressway,
with a maximum deformation rate of about 33 mm/a. Comparatively speaking, the ground
deformation is relatively minor in the areas adjacent to Runway 1 and 3, as well as Runway
2 and 4, respectively. In addition, the distribution of PS points obtained in the study area
was not uniform, and the density of PS points in offshore regions was lower than inland
areas. This unevenly distributed spatial pattern is primarily attributed to the different soil
consolidation stages in the reclamation area [38].

4.2. Accuracy Validation

The ground leveling point measurements from October 2016 to October 2017 were
imported to comprehensively evaluate the accuracy of ground deformation in the study
area using the StaMPS PSI technique. The location and number of the leveling points
are shown in Figure 1la. Figure 6 shows the comparison results of the annual average
deformation rate of the observation points extracted by leveling measurement and the
StaMPS PSI technique. The RMSE of the two methods was 1.19 mm/a, and the comparison
results did not differ by more than 3 mm/a. Therefore, the monitoring results of the StaMPS
PSI technique keep the excellent agreement with the leveling measurements.

There are some missing leveling data due to the long observation period. Therefore, we
used the cross-validation method to evaluate the quality of ground deformation results for
other periods during which leveling results are not available [39]. The ground deformation
results were resampled to reduce the effect of geographic offset. The Shenjiahu Expressway
section d1 to d2 within the SPIA was relatively stable between 2016 and 2021 (see Figure 1c)
and had many PS points. So, the cumulative deformation of the repeated SAR data sets
in the two groups of experiments was calculated along sections d1 to d2 (see Table 1).
Then, their coefficients of determination were derived. Figure 7 shows the comparative
results of the accumulated deformation of the four experimental groups. The coefficients of
determination were 0.89, 0.97, 0.98, and 0.87, respectively, indicating good reliability of the
experimental results.

As shown in Figure 5a, the deformation of Runway 1 and Runway 3 stabilized from
2016 to 2017, and the deformation rate remained around 5 mm/a, which is consistent
with the solution of Yu et al. [40]. In addition, Jiang et al. [6] and Yu et al. [7] obtained
SPIA ground deformation results before 2016 using PSI and SBAS techniques, respectively.
Both results showed a large deformation gradient of SPIA in the east-west direction. The
deformation of SPIA showed the same spatial distribution during the period studied in this
paper (2016 to 2021). With the completion of the Phase III expansion, the deformation of
the east side of SPIA against the sea increased. Figure 8 shows the ground fractures within
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the SPIA due to ground deformation. Therefore, the inhomogeneous deformation of the
ground creates potential severe problems for the safe operation of SPIA [41].

year
[ [T ®w[oOT Ol
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Figure 5. LOS deformation velocity maps estimated from (a) 51:2016.10-2017.10; (b) S2:2017.09-
2018.11; (c) S3:2018.10-2019.12; (d) S4:2019.12-2021.01; (e) S5:2021.01-2021.10 (Background image:
Google Maps satellite image).
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Figure 8. Ground fractures from ground deformation, (a) cracks on the transition zone in front of
Terminal 1; (b) crack at the boarding bridge of Terminal 2.

5. Discussion
5.1. SPIA Ground Deformation Prediction

The areas M1, M2, and M3 within SPIA with the most severe ground subsidence
were focused on in this study. Based on Python 3.6 language and the Tensorflow 2.0 deep
learning framework, a LSTM neural network was utilized to build a ground deformation
prediction model [23,25]. The adaptive moment estimation (ADAM) algorithm was chosen
as the optimizer. This algorithm can calculate the adaptive learning rate for different param-
eters and consumes fewer storage resources. Compared with other stochastic optimization
methods, the ADAM algorithm performs better in practical applications [42]. The grid
search algorithm was applied to select the hyperparameters in the LSTM ground defor-
mation prediction model. The optimization objective minimizes the MSE loss function,
given the network layers (K), hidden layer nodes (S), and epoch. The maximum number
of network layers (Kmax) and hidden layer nodes (Smax) in the grid search need to be set
empirically by humans based on the prediction effect [25]. According to the actual training
situation, Kmax and Smax, set to 5 and 30 in this paper, respectively, are sufficient to find the
optimal parameters. So K € [1,2,3,4,5],S € [1,2,- - - ,30] is used for the experiment. The
optimal number of network layers and hidden layer nodes were determined to be 3 and 12,
respectively, after experiments with the combination of several parameters. As shown in
Figure 9, the RMSE was minimized when the epochs reached 400. Therefore, the optimal
hyperparameters of the LSTM ground deformation prediction model were experimentally
derived, as shown in Table 2.
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0 100 200 300 400 500 600 700
Epochs

Figure 9. Relationship between RMSE and epochs.

Table 2. Optimal search results for hyperparameter combinations.

Hyper Training . Layers of Nodes in the Optimizer Loss
Parameter Data Testing Data LSTM Hidden Layer Ware Function Epochs
Value setting 70% 30% 3 12 ADAM MSE 200

The training and validation process of the LSTM model is shown in Figure 10. Then, the
LSTM prediction model was trained and tested; 70% of the StaMPS PSI ground deformation
monitoring data were used for training and 30% for testing. As shown in Figure 10b—d,
the root-mean-square errors of the test data for the areas M1, M2, and M3 were 4.25, 6.18,
and 4.50, respectively. The predicted values are in good agreement with the actual values,
indicating that the LSTM prediction model developed in this experiment can make valuable
and reliable predictions of ground deformation. It is worth noting that current and past
settlement rates do not necessarily mean significant future settlement rates. If water table
changes more remarkable than the past maximum do not occur, the primary consolidation
process terminates after a period, which may take some time but is still finite [43-46].
Therefore, to ensure the reliability of the prediction results, the LSTM model was applied
to make short-term predictions for areas with severe ground subsidence within the SPIA.
The prediction duration of this experiment was set to six months. The prediction results
showed that M3, the area furthest from the coastline, will be stable during the next six
months, while M1 and M2 will experience continuous ground subsidence. In particular,
the subsidence in M1, which is the closest to the coastline, is severe, and the maximum
cumulative subsidence was predicted to reach —78.21 mm.

5.2. Correlation Analysis of Ground Deformation with Reclamation Time and Airport Construction

To better serve the SPIA Phase IV expansion project, the SPIA ground deformation in
2021 and the stage of ground deformation development after the SPIA reclamation project
were focused on analysis and discussion. The SPIA was divided into four areas, A, B, C,
and D, according to the chronological order of SPIA reclamation construction [38]. As
shown in Figure 11a, area A is the land in 1986, and areas B, C, and D are the newly added
SPIA land reclamation areas in 1999, 2006, and 2021, respectively.

Once the boundary of each area was determined, the correlation between the reclama-
tion phase and the ground deformation was quantitatively evaluated by calculating the
average deformation rate of the four areas, as shown in Figure 11b. The average deforma-
tion rate of the PS points describes the primary deformation trend within each area, and
the standard deviation illustrates the deformation variation and possible errors in each
area. The standard deviation of the average deformation rate gradually increased from area
A to area D, indicating that area D has the most significant spatial variation. The average
deformation rate for January through September 2021 was approximately 2.18 mm/a in
area A, where many roads and buildings cover reclaimed land. In contrast, a slight ground
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uplift of about 0.51 mm/a was observed in area B, which contains mainly Terminal T2 and
most of Runway 2 and Runway 4. Slight subsidence (about —1.96 mm/a) was observed
in area C, with few buildings. A large number of PS points were detected in areas A, B,
and C. Since reclamation in these three areas has been completed for more than fifteen
years, most of the PS points in the three areas exhibited relatively good stability (—7 mm/a
to 8 mm/a). Compared with the stable old reclamation area, severe ground subsidence
occurred in the reclaimed area D after 2006, with an average deformation rate of about
—16.27 mm/a, which mainly contains Runway 5 and the emergency rescue training base.
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Figure 10. (a) Distribution maps of M1 to M5; cumulative deformation predicted by the LSTM model
and monitored by StaMPS PSI in (b) M1, (c) M2, and (d) M3.

It has been shown that primary consolidation, long-term secondary consolidation
of alluvial clay deposits beneath the dredge fill, and creep within the dredge fill are
considered to be the three mechanisms of ground subsidence in reclaimed areas [47-50].
Subsidence caused by primary consolidation of alluvial clays accounts for most of the
overall settlement, even 70% or more in the airport area [47]. In the SPIA, the reclamation
of area D was completed in the second half of 2018. The soil consolidation state in this area
is closer to primary consolidation. Therefore, driven by tides or currents, the sediments on
the surface of the tidal flats are displaced to different degrees, which seriously affects the
ground deformation in area D.
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zone in 2021; (c) deformation velocity statistics along with L1 to L5 in SPIA in 2021.

Figure 11c shows the ground deformation profile statistics along with L1 to L5 in
SPIA from January 1 to September 30, 2021. As shown in Figure 11c, the deformation rate
showed an increasing and then decreasing trend from west to east (L1 —L2—L3—L4—L5)
within the SPIA, showing consistency with the results observed in Section 4.1.

Figure 12 shows the geological sections from L1 to L3 (i.e., areas A and B). It can
be seen that area A was located within the seawall, and the thickness of the shallow soil
layer was about 7-10 m. The foundation structure was relatively intact. Area B was
obtained from the reclamation project in the late 1990s and was formed shorter than area A.
The foundation in area B consisted mainly of blown sand and backfill with the addition
of partially backfilled fine-silty sand [6], which, together with the lack of crustal layers,
resulted in a relatively weak geological foundation. Area B has undergone more than ten
years of soft clay consolidation. According to Terzaghi’s theory [51], the rate of ground
deformation during the study period should be continuously decreasing [6]. Therefore, the
ground deformation in area B gradually stabilized, and this result is consistent with the PSI
monitoring results (see Figure 5).

L1 L2 L3
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Figure 12. Geological sections from L1 to L3 in SPIA.
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5.3. SPIA Deformation Pattern Analysis

The ground changes of SPIA in the three phases after the reclamation project can be
inferred based on the ground deformation’s spatial distribution and temporal evolution.
For newly reclaimed areas, such as areas C and D, soil consolidation will continue for
several years, and this primary consolidation is the first phase of change after reclamation.
The ground enters a slight rebound after long-term compression when the reclamation
has been established for a while, e.g., as area B has been established for more than twenty
years, it enters the second phase. Finally, the deformation will remain more stable after
long-term changes. The Phase I project of the airport, constructed in 1999, will be completed
for at least 22 years by 2021, and the soil has entered into secondary consolidation. The
ground deformation should be more stable in theory, such as in area A, where near the
commercial and living area, part of the ground deformation is relatively minor. However,
as shown in Figure 11c, ground uplift occurred in the eastern part of area A from west
to east. In particular, more concentrated uplift occurred close to area B (see Figure 11a).
The main reasons for the occurrence of uplift include (1) Topographic errors. The area
is characterized by a large number of buildings and infrastructures, especially Terminals
T1 and T2 and Satellite Halls S1 and S2, which have unique shapes and complex and
diverse structures and are prone to topographic observation errors [6]. (2) The error caused
by temperature. Most of the buildings here are made of glass, steel, and concrete, and a
Shenjiahu Expressway is running through them. In addition, the main Satellite Halls of
the SPIA Phase III expansion project were officially opened on 16 September 2019, so that
the whole constitutes a large heat transfer area. As the temperature rises, the buildings
experience thermal expansion, which, combined with the unstable soil structure in the area,
makes them more susceptible to temperature changes [52,53].

5.4. Effects of Precipitation and Temperature on Ground Deformation

Areas C and D in the SPIA are newly reclaimed areas. Since slight and more severe
ground subsidence has occurred in these areas, soil consolidation will continue for several
years in areas C and D. Significantly, the vital Runway 5 of the airport is located in area
D. Therefore, further revealing the ground subsidence mechanism and its effects in these
areas is necessary. Previous studies have shown that over-exploitation of groundwater
and geological instability are the leading causes of ground subsidence in Shanghai [54-56].
In general, precipitation is positively correlated with groundwater level [57,58]. From
the analysis in Section 5.3, it is clear that temperature changes also affect the ground
deformation. The precipitation and temperature data for 2021 were utilized to discuss their
correlation with ground subsidence in 2021 in areas C and D, as SPIA groundwater data
were not obtained for the study period. Figure 13a shows the distribution of the observed
areas from P1 to P5.

As shown in Figure 13b—d, to quantitatively describe the relationship between pre-
cipitation variation and ground subsidence, monthly average precipitation and average
cumulative form variables were extracted for gray correlation analysis (GRA) in the area of
P1 to P3, respectively, in area C. Gray correlation analysis is a method to measure the degree
of association between factors. The higher the value of gray correlation, the more similar
the trend between factors [59]. From Figure 13b—d, it can be found that the GRA between
the mean cumulative form variables and the mean monthly precipitation in areas P1 to
P3 were 0.81, 0.78, and 0.77, respectively, indicating that the trends of ground subsidence
and precipitation changes in area C are in good agreement. From January 1 to February 18,
2021, the period was characterized by low precipitation, while at the same time, ground
subsidence occurred in all areas from P1 to P3. With the precipitation increase after Febru-
ary 18, 2021, the ground deformation rate in the three areas decreased and even showed
a short time rebound trend. SPIA is on the Quaternary alluvial fan, and the foundation
is soft soil. The foundation in area C is mainly composed of silty clay and sandy chalk,
with high water content and high compressibility. In addition, there are few buildings and
mostly bare land in area C. As a result, when the rainy season arrives, the absorption of
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water from the subsurface soil increases, replenishing groundwater to some extent. With
the groundwater level recovery, ground subsidence is alleviated to some extent.
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Figure 13. (a) Distribution maps of P1 to P5; the time series of mean deformation cumulative and
precipitation in (b) P1, (c) P2, (d) P3; the time series of mean deformation cumulative and temperature
in (e) P4, (f) P5.

The areas P4 and P5 are located on Runway 5 of the SPIA. As shown in Figure 13ef,
the GRA between the mean cumulative form variables and the day’s mean temperature
in areas P4 and P5 were 0.78 and 0.83, respectively. Such results indicated that ground
subsidence in area D is well correlated with the temperature change. The SPIA region
was cooler before 1 May 2021, with varying degrees of ground subsidence in areas P4 and
P5. The ground subsidence rate slowed down when the temperature rebounded, and the
ground even lifted when the temperature continued to rise. This observation also verified
the effect of temperature on ground uplift in area A in Section 5.3.

In summary, the ground subsidence in areas C and D showed seasonal variations. In
the absence of significant geological alterations or human intervention, ground subsidence
in the two areas remains consistent with the trends in precipitation and temperature
changes.

5.5. Recommendations and Strategies for Ground Deformation at Reclamation Airports

The results of ground deformation based on PSI long time-series observations indi-
cated that ground uplift occurred in the central part of SPIA, while more severe ground
subsidence occurred in the eastern part of SPIA. Significant uneven deformation was
present throughout the SPIA region (see Figure 5). For reducing the influence of ground
deformation on SPIA, this paper proposes a comprehensive prevention and control strategy
of uneven ground deformation in SPIA with INSAR monitoring and LSTM prediction as to
the major factors and geological environment as to the supplementary factors, respectively.

Firstly, the StaMPS PSI technique was utilized to grasp the SPIA ground deformation
and establish a primary ground deformation database for the entire study area. Then, the
LSTM prediction model was used to understand the trend of ground deformation in time.
The ground deformation mechanism was further analyzed with geological and environ-
mental factors. Corresponding countermeasures were taken according to the four areas of
SPIA A, B, C, and D, which are classified in Section 5.2. Finally, the ground deformation
database was continuously updated with external multi-source data to form a virtuous
SPIA ground deformation monitoring cycle, as shown in Figure 14. The corresponding



Remote Sens. 2022, 14, 610

15 0f 19

control methods are proposed for four areas for the current situation of SPIA ground
inhomogeneous deformation.
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Figure 14. Ground deformation prevention strategies for SPIA, (A-D) are the trends of deformation
rates in the four areas.

(1) The available information shows that the foundation of area A was built in 1999.
Represented by the western part of this area, the foundation is almost solidified and stable
after more than twenty years of sediment consolidation [7,40]. Continuous subsidence
monitoring is sufficient for this area unless significant geological changes occur.

(2) From the analysis of Section 5.3, it can be seen that ground uplift exists in the
eastern part of area A and area B. The causes mainly include both topographic errors and
temperature changes. Therefore, high-precision 3D digital topographic maps are neces-
sary to effectively reduce topographic errors when buildings are dense and complex in
structure. Alternatively, multi-source data constraint operations can further reduce the
impact of human intervention on the results when acquiring ground deformation. For
ground deformation caused by temperature changes, unique materials (such as phase
change materials) can be integrated into the outer building envelope or road construction
process [60] to reduce the impact of surrounding environmental factors on buildings or
ground facilities. It has been shown that the deployment of artificial permanent scatterers
(corner reflectors) in reclaimed areas can further constrain the ground deformation mon-
itoring results [61]. Therefore, to reduce the influence of decorrelation and environment
on the ground deformation monitoring results, corner reflectors can be deployed on the
ground with low coherence in the reclamation area, especially in the area near the ocean,
which can be encrypted.
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(3) More significant ground subsidence was observed in areas C and D of SPIA. Due
to the late reclamation in areas C and D, the foundation geology is weak and less stable [6].
Waves and tides erode the dykes as the sea level rises, causing the revetment to collapse
and damage the dykes in severe subsidence areas. Therefore, the polder dykes need to be
reinforced, and the height of the coastal seawall needs to be increased. Areas with severe
subsidence, such as area D, are worthy of priority attention. Suppose the trend of ground
subsidence continues to worsen. In that case, it will be necessary to continue expanding the
reclamation area along the coastline and adding a buffer zone to further reduce seawater’s
impact on geology.

(4) It is recommended to drill holes along the shoreline at each phase according to the
reclamation time to obtain more realistic and accurate geological monitoring data, such
as the locations of points L1, L2, L3, L4, and L5 in Figure 11a. In addition, it is neces-
sary to conduct some measures such as limiting groundwater withdrawal and increasing
groundwater recharge to reduce the ground subsidence.

6. Conclusions

In this paper, we carried out the prediction of deformation evolution and subsidence
pattern analysis of Shanghai Pudong International Airport based on PSI long time-series ob-
servations to disclose the ground deformation evolution characteristics of SPIA reclamation
area in recent years. Firstly, the ground deformation results of Shanghai Pudong Reclama-
tion Airport from 6 October 2016 to 22 September 2021 were extracted using Sentinel-1A
image data and StaMPS PSI technology. Then, LSTM ground deformation prediction was
carried out for areas with severe deformation within SPIA. The joint analysis of historical
reclamation projects, geological conditions, precipitation, and temperature were combined
to provide a systematic description of the spatial and temporal distribution characteristics
and deformation trends of ground deformation in SPIA. Finally, a prevention and control
strategy based on InNSAR monitoring and LSTM prediction, supplemented by geological
and environmental factors, was proposed to utilize the above research results. The main
findings are as follows.

(1) Significant and unevenly distributed ground deformation was observed in the
SPIA from 2016 to 2021. Severe ground subsidence occurred in the east, with rates ranging
from about —57.29 mm/a to —19.77 mm/a. Ground uplift occurred in the central and
western parts, with a maximum deformation rate of approximately 32.76 mm/a.

(2) The LSTM ground deformation prediction model displayed excellent robustness,
and the RMSEs of the test data were less than 3.52. The prediction results were in high
agreement with the monitoring results of StaMPS PSI. In addition, the predictions indicated
that there is a risk of large gradient ground deformation in the area close to the coastline
during the next six months.

(3) In order of the reclamation construction sequence, we divided the study area into
four areas (i.e., areas A, B, C, and D). According to the spatial distribution and temporal
evolution characteristics of ground deformation, it can be inferred that SPIA went through
three phases after the reclamation project. The primary consolidation phase corresponds to
areas C and D. The slight rebound phase corresponds to area B. The stabilization phase
corresponds to area A.

(4) Based on the gray correlation analysis method, the correlation between ground
subsidence and climatic factors was discussed qualitatively and quantitatively for severe
subsidence areas. The results showed that the ground subsidence in areas C and D ex-
hibits seasonal variations. The general trend of ground settlement is more consistent with
precipitation and temperature changes.

(5) The ground deformation prevention strategy proposed in this paper can be com-
bined with external multi-source data to continuously update the SPIA basic ground defor-
mation database. Through the processing and analysis of data, the ground deformation
can be grasped in time for rapid response.
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The method and related results in this paper can be used as a reference for ground
deformation monitoring and disaster prevention for other airports in reclaimed areas. In
addition, with the exponential growth of external data, the robustness of the prediction
model can be improved even further when more data are incorporated into the LSTM
model in the future.
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