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Wuhan, one of China’s megacities with rapid development, is facing serious surface subsidence. In this study, we
combined MT-InSAR, geo-detector, and LSTM (Long Short-Term Memory) to achieve the monitoring, analysis,
and prediction of surface subsidence in the main urban districts of Wuhan. The effectiveness of MT-InSAR in
monitoring surface subsidence was validated against leveling results. During the monitoring period, the
maximum subsidence velocity and uplift velocity were —53.3 mm/year and 18.0 mm/year, respectively. We
identified six subsidence regions and explored their deformation characteristics. Further, we analyzed the
relationship between the surface subsidence and influencing factors using the geo-detector in a quantitative
manner. Our study revealed that the distance to soft soils had the greatest explanatory power on the subsidence.
However, we also confirmed that subsidence was affected via coupling effects from multiple factors, suggesting a
complex reinforcing relationship among influencing factors. The interaction between the distance to soft soils
and the distance to karst collapse prone areas had the largest joint explanatory power on subsidence. Further, we
constructed a data-driven LSTM model to predict and analyze the subsidence. The results showed that the LSTM
model achieved great performance and presented strong universality, suggesting that it can be used for subsi-

dence prediction in large geographic areas.

1. Introduction

Surface subsidence, one of the most ubiquitous environmental-
geological issues, has attracted wide attention (Lorenzo et al., 2020;
Lu et al.,, 2019; Qu et al., 2015). As a continuous and cumulative
geological hazard, the developing process of subsidence is considerably
slow but difficult to reverse, leading to adverse consequences that
include wall cracks, road damages, and even casualties (Amelung et al.,
1999; Babaee et al., 2020; Du et al., 2018). In this context, large-scale
and high-precision surface subsidence monitoring, analyzing and pre-
dicting can provide important supports for the prevention and control of
geological disasters.

Despite that D-InSAR (Differential Interferometric Synthetic Aper-
ture Radar) has been widely applied in deformation monitoring caused
by surface subsidence (Cigna et al., 2012; Zhou et al., 2015), challenges
still remain for D-InSAR in terms of monitoring small long-term defor-
mation due to atmospheric delay and decorrelation. To overcome these

limitations, several MT-InSAR (Multi-Temporal InSAR) methods were
proposed successively (Berardino et al., 2002; Ferretti et al., 2000;
Zhang et al., 2011, 2014). Among them, PS-InSAR (Persistent Scatterer
InSAR) is suitable for monitoring targets with high coherence, SBAS-
InSAR (Small Baseline Subset InSAR) shortens the spatiotemporal
baselines of interferograms so as to obtain more densely distributed
monitoring points. Due to its advancement, MT-InSAR has been widely
used in monitoring surface subsidence in both urban and rural areas (Li
et al., 2013; Osmanoglu et al., 2011; Perissin et al., 2012; Wang et al.,
2019).

Despite the existing MT-InSAR-based efforts to monitor surface
subsidence, few studies investigate the potential of predicting subsi-
dence via time-series approaches. The prediction of surface subsidence
benefits early warning of geological disasters. Early efforts tend to use
numerical and empirical models to predict subsidence (Deng et al.,
2017; Kim et al., 2010). However, the applicable potential of these
methods is often limited by prior knowledge, and most of them are only
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applicable to subsidence prediction given specific patterns. In contrast,
LSTM (Long Short-Term Memory) network can realize the efficient and
accurate prediction of massive time-series data by considering the
nonlinearity and time dependence of historical data, which has shown
excellent performance in different domains, such as air quality index (Xu
et al., 2020), precipitation (Luo et al., 2021), and land cover change (Mu
et al., 2019). With the rapid development of MT-InSAR, surface defor-
mation monitoring data featured by dense time-series records has
become increasingly available, making it possible to adopt a data-driven
LSTM network for subsidence prediction.

Under the joint influence of human activities and natural processes,
Wuhan is deeply affected by surface subsidence. Efforts have been made
to measure subsidence in Wuhan based on MT-InSAR. Bai et al. (2016)
analyzed the relationship between subsidence and urban construction
and karst geology using Terra-SAR data from 2009 to 2010. Zhou et al.
(2017) used Sentinel-1 data to monitor the spatial distribution of sub-
sidence in Wuhan from 2015 to 2016. Han et al. (2020) investigated the
spatiotemporal evolution characteristics of subsidence using multi-
source SAR data and discussed the inducement of subsidence. Shi
et al. (2021) investigated subsidence rates in Wuhan with Sentinel-1
data that covered 2015-2019 and analyzed the relationship between
subsidence and engineering geological regions. Jiang et al. (2021) used
nearly 300 COSMO-SkyMed images obtained between 2012 and 2019 to
monitor the long-term subsidence, aiming to reveal the spatiotemporal
variations of subsidence. The majority of the studies belong to
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qualitative studies but some (e.g. Jiang et al., 2021) provide quantitative
insights. Despite the aforementioned efforts, the interaction of contrib-
uting factors with their influencing power on the subsidence remains to
be underexplored. To our best knowledge, our study marks a pioneering
attempt to conduct both quantitative analysis and time-series prediction
of subsidence.

To fill the gaps in the existing studies, we monitored, analyzed, and
predicted surface subsidence, taking Wuhan as a study case. MT-InSAR
and Sentinel-1A data were used to obtain the time-series surface
deformation from January 2018 to August 2020. After verifying the
accuracy of MT-InSAR results, we further analyzed the spatiotemporal
characteristics of surface deformation. In addition, we applied geo-
detector to quantitatively analyze the relationship between subsidence
and nature- and human-induced factors. Finally, we proposed an LSTM
model to predict time-series surface subsidence in selected key regions.

2. Study area

Wuhan, located in the east of the Jianghan Plain, is the capital city of
Hubei Province. Wuhan covers a total area of 8494 km?, and its
geographical ranges are 29°58’ N-31°22’ N and 113°41’ E-115°05’ E. In
terms of administrative division, Wuhan is composed of thirteen dis-
tricts. The seven main urban districts are Qingshan (QS), Hongshan
(HS), Wuchang (WC), Hanyang (HY), Qiaokou (QK), Jianghan (JH), and
Jiang ’an (JA).
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Fig. 1. The study area and the distribution of the field survey area, leveling benchmarks, and reference points.
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Wubhan is high in the east and south, low in the west and north, with
an average elevation of 23.3 m. Geomorphologically, Wuhan belongs to
the hilly alluvial plain with widely distributed soft soils, leading to
innate conditions for the occurrence of surface subsidence. Fig. 2 pre-
sents the consequences of subsidence during our field survey (high-
lighted by a red rectangle in Fig. 1) in Wuhan.

The subtropical monsoon climate brings sufficient rainfall, sunshine,
and four distinct seasons to Wuhan. Its annual average temperature is
the lowest in January and the highest in July. The total annual precip-
itation ranges from 1150 to 1450 mm, with most of the rainfall
concentrating from June to August.

3. Data and methodology
3.1. Datasets

To obtain the high-frequency deformation results in Wuhan, we used
32 ascending C-band Sentinel-1A data published by the European Space
Agency. The imaging time span was from January 2018 to August 2020,
and the average time interval was about one month. These images were
captured in VV (vertical-vertical) polarization and IW (interferometric
wide) swath mode. Besides, the corresponding precise orbit ephemeris
and elevation data were also obtained (Reuter et al., 2007) to correct the
orbit information and remove the influence of systematic error and
topographic phase on the deformation results.

Based on the SARscape platform, SBAS-InSAR (Berardino et al.,
2002; Li et al., 2013) was selected to obtain time-series surface defor-
mation results. The thresholds of temporal baseline and spatial baseline
were 150 days and 180 m, respectively. As shown in Fig. 3, a total of 126
differential interferograms were generated. Uniformly distributed,
highly coherent, stable reference points were selected to correct the
interferometric phases by removing the constant and slope phases and
provide support for the inversion of deformation results (Fig. 1(c)). The
coherence threshold of the final pixels used for deformation rate esti-
mation was 0.45. Besides, PS-InSAR (Deng et al., 2017; Ferretti et al.,
2000) was selected to verify the reliability of the SBAS-InSAR results.
The master image used in the PS-InSAR processing was obtained on July
7,2019. Furthermore, the radar incident angle was used to transform the
deformation into the vertical direction (Shi et al., 2021).

In addition, measurements from 33 high-precision leveling bench-
marks (obtained from January 2018 to May 2018) were used to evaluate
the accuracy of MT-InSAR results. These monitoring points were
distributed in HS and WC (Fig. 1(c)). We also obtained the spatial
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Fig. 3. The imaging time of Sentinel-1 data and the connection mode of
interference image pairs.

distribution of waters, subway lines, soft soils, karst collapse prone
areas, road density, population density, elevation, and annual average
NDVI (Normalized Difference Vegetation Index) in the study area. The
above natural and human factors were combined with the deformation
results in the geo-detector to further analyze the spatial distribution and
induced causes of subsidence.

3.2. Basic theory of geo-detector

Geo-detector is a statistical method used to detect spatial variability,
aiming to reveal the driving factors behind phenomena (Wang et al.,
2010; Wang and Xu, 2017). The core idea of the geo-detector is that if a
factor has an important influence on an attribute, the spatial distribution
of this factor and attribute should be similar. Three modules of geo-
detector were used in this study: 1) differentiation and factor detec-
tion, 2) interaction detection, and 3) ecological detection.

The differentiation and factor detection module aims to detect the
degree to which factor X explains the spatial differentiation of attribute
Y. The range of q is [0,1], indicating that X explains 100 x q% of Y:

L 2
lfzhleh% '€))

4= No?

where h = 1, -, L is the strata of factor X or attribute Y; N and ¢ are the
sample size and variance of attribute Y in the whole region, respectively;

Fig. 2. Building wall cracks and road damage due to surface subsidence in the field survey area.
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Table 1
The interaction detection result of two factors.

Criterion Interaction

q(X1 NX2)(Min(q(X1),q9(X2))
Min(q(X1),q(X2) )(q(X1 N X2)(Max(q(X1),q(X2))

Nonlinear weakening

Single factor nonlinear
weakening

q(X1 NX2))Max(q(X1),q(X2) ) Bilinear enhancement
q(X1 NXz) = q(X1) + q(X2)

q(X1 NX2))q(X1) + q(X2)

Independent
Nonlinear enhancement

Ny and o7 are the sample size and variance of h layer attribute Y,
respectively.

The interaction detection module aims to evaluate the explanatory
power of the combined effect of factors X; and X, on attribute Y. Table 1
shows the possible interactions of two factors.

The ecological detection module aims to compare differences in
explanatory importance of different factors, which is measured by F test:

_ Ny, (Ny, = D)3 Nyos

- 2)
NXz (NXI - I)Z;L,;Nhaﬁ

where Ny, and Ny, represent the sample sizes of factors X; and Xa,
respectively; L; and L, represent the layer number of factors X; and X,
respectively.

3.3. The network structure of the LSTM model

LSTM can solve the problem of long-term dependency by reducing
the occurrence of gradient disappearance (Hochreiter and Schmidhuber,
1997). The basic unit of LSTM consists of three gates, i.e., forgetting
gate, input gate, and output gate (Fig. 4(b)), which discard unimportant
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information and retains important information by means of gate control,
thus improving model learning ability.

Forgetting gate determines whether memory neurons need to clear
the previous value:

fi=oW, [hz—l ,X,] + bf) ©

where ¢ is the Sigmoid function; W, represents the weight matrix; h; ;
represents the output of the LSTM network at the upper layer; x; rep-
resents the input; by represents the offset; f; (ranging from 0 to 1) rep-
resents the degree of forgetting.

When the input gate is open, values are written into the memory
neuron that selectively remembers the current input.

iy = o(Wilhi 1, x] + b)) @

C, = relu(Wclh,_y,x,] + b¢) (5)

where i, represents the input state and C, represents the filter of i,.
Forgetting gate and input gate together determine the state of the

current network layer:

Ct :ﬁ*ct—l + it\kat (6)

The output gate controls whether the current state is output and what
information can be used as output.

0y = U(Wo[hr—hxr] + bo) 7)

h; = o,*relu(C;) (8)

3.4. Experimental process

Complex geological background and rapid urbanization aggravate
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Fig. 4. (a) Network structure of LSTM model for predicting surface subsidence; (b) The basic computing unit of the LSTM model.
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surface subsidence in Wuhan. In this study, MT-InSAR and Sentinel-1A
data were used to obtain the surface deformation results. Based on the
geo-detector model, the relationship between surface subsidence and a
series of natural and human factors was analyzed. LSTM network was
used to model and predict the time-series deformation in selected key
subsidence regions. The overall process of the experiment is shown in
Fig. 5.

4. Results
4.1. Spatiotemporal characteristics of surface deformation

A total of 714,711 deformation monitoring points were obtained,
with an average density of 828/km?. During the monitoring period, the

maximum subsidence velocity and uplift velocity were —53.3 mm/year
and 18.0 mm/year, respectively.
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Fig. 6. Vertical surface deformation velocity in the study area.

From Fig. 6, we observed some newly emerged subsidence areas and
further noticed that some old subsidence areas identified by existing
studies tended to stabilize. For instance, the subsidence areas at JH and
QK during 2009-2010 identified by Bai et al. (2016) and at JH and JA
during 2015-2016 identified by Zhou et al. (2017) caused by urban
construction have almost stabilized. Region A, located near the Nan-
ganqu of QS, presented severer surface subsidence, which was similar to
results extracted by Han et al. (2020), Shi et al. (2021), and Jiang et al.
(2021). Region B, located near the Baishazhou of HS, was the newly
formed subsidence area with greater severity than the results mentioned
by Han et al. (2020) and Shi et al. (2021). We also acknowledged that
the density of monitoring points in regions C and D was relatively low,

Table 2
Statistics of surface deformation in identified six regions.

Regions A B C D E F

Area (km?) 35.0 56.7 27.9 23.5 4.5 7.8

Number of points 36,571 59,226 3024 9164 2703 6526

Maximum -31.7 —53.3 —-29.3 42 —-20.3 -235
subsidence
velocity (mm/
year)

Maximum uplift 7.6 6.7 5.2 3.7 3.4 3.9
velocity (mm/
year)

Mean deformation -3.2 -5.0 —5.2 —4.8 —4.4 —3.4
velocity (mm/
year)

Maximum -76.1
cumulative
subsidence (mm)

Maximum 12.7 30.3 27.7 8.4 10.0 11.1
cumulative uplift
(mm)

Mean cumulative -9.1 -12.1 -12.1 -15.6 -14.0 -8.0
deformation
(mm)

-130.7 -789 -107.8 -56.8 —49.2
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Fig. 7. Time-series cumulative surface deformation of eight typical monitoring points.

and regions E and F were relatively small in size. Statistics of surface
deformation in identified six regions can be found in Table 2.

From Fig. 7, we observed that the time-series cumulative de-
formations at typical monitoring points (Fig. 6) present inconsistent
trends. The cumulative subsidence at P2 located in region B was the
largest, reaching —75.7 mm. Located in region D, P4 first experienced a
subsidence process, then an uplift, followed by subsidence again. P1, P3,
P5, and P6 were all in a slow subsidence state during the monitoring
period. Although P7 presented an uplift pattern at the end, its cumula-
tive deformation before September 2019 was negative. In comparison,
P8 was relatively stable until June 2019 and has been on the rise since
then. Note that, due to the short temporal span, monitoring points may
be affected by accidental reasons, resulting in temporary deformation
trends. Future works are needed to conduct long-term sequence analysis,
aiming to obtain deformation trends with improved reliability.
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4.2. Subsidence characteristics in key regions

As Regions A and B had abundant monitoring points and experienced
severe subsidence, they were selected to further analyze the spatio-
temporal characteristics of surface deformation.

From Fig. 8(a), (b), and (c), we observed that the subsidence center
in region A shifted from southwest to northeast during the investigated
period. By 2020, a large scale of surface subsidence appeared in the east
of region A. The deformation velocity of 63.5% monitoring points was
between —5 mm/year and 0 mm/year (Fig. 8(d)), indicating that region
A was dominated by slow subsidence.

In addition, we noticed an area of excessive local land subsidence
(highlighted by a black circle in Fig. 8(a)), located at the intersection of
Enshi street and Gongye 1st road. The center of this area was closer to
the M1 side (Fig. 8(e)). Along the line M1M2, the subsidence velocity
varied from —7 mm/year to —14 mm/year.
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Fig. 8. Cumulative surface deformation in region A from January 2018 to (a) December 2018; (b) December 2019; (c) August 2020; (d) Frequency distribution of
deformation velocity; (e) Velocity in the localized subsidence and the position of line M1M2; (f) Variation of deformation velocity along line M1M2.
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In 2018 and 2019, region B showed a state of subsidence. In 2020,
however, part of region B uplifted. During the monitoring period, the
deformation velocity of the 61.25% monitoring points ranged from —5
mm/year to 0 mm/year (Fig. 9(d)). Similar to region A, we also iden-
tified localized subsidence in region B, which was located near Baish-
azhou avenue. Combined with Fig. 9(a), (b), (c), and the P2 time-series
deformation in Fig. 7, we can conclude that this area was in continuous
annual subsidence during the investigated period. Along line N1N2 in
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this area, the maximum surface subsidence rate exceeded —25 mm/
year.

4.3. Accuracy assessment of MT-InSAR results

PS deformation velocity (mm/yr)

Based on PS-InSAR, 32 Sentinel-1 images were processed again. The
internal accuracy was evaluated by comparing the differences between
PS-InSAR and SBAS-InSAR results (Fig. 10).
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Fig. 10. Scatterplot of deformation velocity between PS-InSAR and SBAS-InSAR in (a) region A; (b) region B; Distribution of velocity difference in (c) region A; (d)
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In region A, there were a total of 15,557 corresponding points be-
tween PS-InSAR and SBAS-InSAR results. The deformation velocities
from different MT-InSAR results showed a strong positive correlation (R
= 0.725). The velocity difference of 93.37% corresponding points was
within +5 mm/year. The MAE (mean absolute error) of the velocity
difference was 2.078 mm/year. In region B, the correlation coefficient R
was 0.712, and the MAE was 2.528 mm/year. The above results largely
confirmed the reliability of MT-InSAR in monitoring surface subsidence.

In addition, the nearest SBAS-InSAR monitoring point (less than 20
m) towards a certain benchmark was selected to compare with that
benchmark (Fig. 11). SBAS-InSAR results were positively correlated
with leveling results (R = 0.704). The MAE and RMSE (root mean
squared error) of deformation difference were 3.977 mm and 4.612 mm,
respectively, proving that MT-InSAR is able to measure deformation in
an accurate manner.

5. Discussion
5.1. Relationship between surface subsidence and influencing factors

Geo-detector was used to analyze the relationship between the
spatial characteristics of subsidence and the influencing factors. The
natural factors include elevation, NDVI, distribution of waters, soft soils,
and karst collapse prone areas. Human factors include subway lines,
population and road density.

Fig. 12 shows the surface deformation results and the related influ-
encing factors. The qualitative analysis indicated that the subsidence
areas in Wuhan (Fig. 12(a)) were mostly distributed in areas covered by
soft soils (Fig. 12(f)), and the subsidence areas had relatively low
elevation (Fig. 12(h)). In addition, no obvious correlation was found
between the spatial distribution of subsidence and other factors.

In order to further quantitatively analyze the exact influence of
various factors on the subsidence distribution, 5000 random points were
selected in MT-InSAR results (Fig. 12(a)). The deformation velocity at
random points was extracted as attribute Y, while the distance to waters
(X1), distance to subway lines (X2), distance to soft soils (X3), distance to
karst collapse prone areas (X4), elevation (Xs), population density (Xs),
road density (X7), and annual average NDVI (Xg) were extracted as
factors X. Jenks Natural Breaks method was used to divide each factor
into six categories. Then, we imported independent variable X and
attribute Y into the geo-detector for differentiation and factor detection,
interaction detection, and ecological detection.

Table 3 reveals that p values for all the factors were 0, indicating that
all factors had a significant impact on the spatial differentiation of
subsidence. The distance to soft soils (X3) was the most important factor
affecting the spatial distribution of subsidence with a g value of 0.184.
The elevation (Xs) was the second with a g value of 0.106. This finding
was consistent with qualitative analysis, which again proved that the
distribution of soft soils and elevation were the two main factors to
explain the spatial distribution of surface subsidence.

International Journal of Applied Earth Observation and Geoinformation 102 (2021) 102422

(b) .
€ Fomm _ _ _ _______ o8 e i e e
E 4} 1
~ . .. . MAE=3.977mm
3 . RMSE=4.612mm
c
o0 - .
@ .
E . i .
° . . o
® [Emm ST T TN Sriadaieb
E .
O 3} ) ]
(]
(a] .

0 5 10 15 20 25 30 35
Point number

(b) Differences in deformation measurement from SBAS-InSAR and leveling.

In addition, the g values of annual average NDVI (Xg) and distance to
karst collapse prone areas (X4) were 0.064 and 0.051, respectively,
suggesting that the NDVI and the karst collapse also had a certain cor-
relation with subsidence distribution. Among them, annual NDVI can
represent the difference in vegetation coverage, reflecting the land
covers to a certain extent. Soil parameters (e.g., water content, void
ratio, and strength) of areas with different annual NDVI are diverse,
which may have an impact on the distribution of surface subsidence. The
q values of distance to waters (X;), distance to subway lines (X5), pop-
ulation density (Xs), and road density (X7) were less than 0.05, indi-
cating that these factors had a considerably trivial influence on the
subsidence distribution.

Based on geo-detector, the results of interaction detection and
ecological detection were obtained (Fig. 13). The results suggested that
the spatial distribution of subsidence in Wuhan was jointly affected by
multiple factors. Compared with a single factor, the interaction of two
factors had a greater influence on the subsidence. According to the
criterion shown in Table 1, except for the bilinear enhancement between
X5 and Xg, and between X3 and X5, the interaction patterns between two
factors were nonlinear enhancement.

The interaction between the distance to soft soils and the distance to
karst collapse prone areas had the largest explanatory power on the
surface subsidence with a q value of 0.303. This result indicated that the
spatial distribution and differentiation of surface subsidence in Wuhan
were mainly affected by nature-induced factors. What’s more, 18 pairs
of factors from ecological detection had no significant difference in
explaining the spatial characteristics of subsidence when either two
factors were combined.

5.2. Modeling and predicting time-series surface subsidence

Studies have shown that the surface subsidence in Wuhan affected by
evaluative factors is place-dependent (Bai et al., 2016; Han et al., 2020;
Jiang et al., 2021; Shi et al., 2021; Zhou et al., 2017). Therefore, building
different models given different regions is expected to achieve more
accurate subsidence prediction. In this study, the key regions A and B
were taken as the experimental areas, and the LSTM model was pro-
posed to predict the time series of cumulative deformation. We defined
“rapid subsidence” as monitoring points moving faster than —5 mm/
year. Datasets were created by collecting time-series cumulative defor-
mation of rapid subsidence points in both regions A and B. In order to
verify the accuracy of the model, these two datasets (Fig. 14) were both
randomly divided into a training set (70%) and a test set (30%).

The cumulative vertical deformation of 12 consecutive periods was
taken as the input to ensure that the model learns reliable contextual
features. Since the model accuracy deteriorates with the increase of the
output periods, the cumulative vertical deformation of the following six
periods (half of the input) was taken as the output to ensure the reli-
ability of the prediction results. For any time ¢, the input of the model
was the cumulative vertical deformation [D;_11,D:_10,+,D;] and the
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Fig. 12. (a) Deformation velocity the distribution of random points; (b) Distribution of waters and subway lines; (c) Distance to waters; (d) Distance to subway lines;
(e) Distribution of soft soils and karst collapse prone areas; (f) Distance to soft soils; (g) Distance to karst collapse prone areas; (h) Elevation; (i) Population density; (j)

Distribution of roads; (k) Road density; (1) Annual average NDVI.

Table 3

The results of differentiation and factor detection.
Factor X1 X2 X3 Xs Xe X7 Xsg
q statistic 0.008 0.027 0.184 0.051 0.106 0.009 0.027 0.064
p value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

output was [D¢1,Deya, -+, Dol

All time-series records were fed into the LSTM model (Fig. 4(a)) in a
rolling manner. The number of neurons in each LSTM layer was set to
50. The learning rate was set to 0.001, MSE (mean squared error) was
selected as the loss function, the optimizer was Adam optimizer, and the
epochs were set to 60. After the training, the results of the test points in
regions A and B are shown in Tables 4 and 5, respectively.

We observed that the accuracy of the LSTM model was the highest in
time t+1 and gradually decreased with the increase of time span.
Nevertheless, it still achieved great predicting performance at the time
t + 6, with MAE less than 2.6 mm and R? more than 0.8, proving that the
proposed LSTM was effective in predicting time-series subsidence.

Eight test points were selected (Fig. 14) to further evaluate the per-
formance of the LSTM model. There existed a temporal overlap between
the MT-InSAR monitoring results and LSTM predicted results from
October 2019 to August 2020, i.e.,, from D;3 to Ds;. Within the

overlapping time span, when any time was taken as time t + 1, the
predicted results were taken as its final results. Outside the overlapping
time span, i.e., from September 2020 to February 2021 (D33 to Dsg), the
cumulative deformation from September 2019 to August 2020 (Dy; to
Ds,) was used as input to obtain the final prediction.

We observed that different test points presented varying subsidence
processes (Fig. 15). For example, point A2 presented approximately
linear subsidence; point A4 had a “stable-subsidence-stable” process;
points B3 and B4 presented a “V” shape pattern, as they experienced
significant subsidence but followed by uplifts. Predictions from LSTM
and the results from MT-InSAR showed high consistency with limited
errors, demonstrating that our LSTM model can efficiently mine the
features of time-series deformation with different patterns in a self-
adaptive manner.

After verifying the accuracy and reliability of the proposed LSTM
model, it was applied to predict and analyze the deformation of the rapid



Q. Ding et al.

International Journal of Applied Earth Observation and Geoinformation 102 (2021) 102422

X1
Distance to 0.008 N Y Y Y N N Y
waters
X2
Distance to 0.071 0.027 Y N Y N N Y
subway lines
X3
Distance to 0.210 0.267 0.184 N N N N N
softsoils
_ X4
Distanceto | = ¢ ggg 0.102 0.303 0.050 Y N N N
karst collapsd
prone areas
XS5 0.137 0.154 0.177 0.106 N N N
Elevation
X6
Population 0.049 0.070 0.266 0.104 0.132 0.009 N Y
density
X7
Roads 0.051 0.093 0.243 0.102 0.139 0.047 0.027 Y
density
X8
Annual 0.105 0.114 0.150 0.175 0.130 0.125 0.064
average
NDVI
X1 X2 X3 X4 X5 X6 X7 X8
Distance to Distanceto  Distanceto  Distanceto Elevation Population Roads Annual
waters subway lines softsoils  karst collapse density density average
prone areas NDVI

Y:
I:I Nonlinear enhancement - Bilinear enhancement | .

Significant difference
No significant difference

Fig. 13. The results of interaction detection and ecological detection.
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Fig. 14. The spatial distribution of training points and test points in (a) region A; (b) region B. Note that occlusion occurs between the training and test points, given

the high density of the rapid subsidence points.

Table 4

Accuracy evaluation of LSTM prediction results in region A.
Time t+1 t+2 t+3 t+4 t+5 t+6
MAE 1.3775 1.4648 1.6480 1.7691 1.9183 2.1242
R? 0.9243 0.9083 0.8795 0.8563 0.8291 0.8080
MSE 3.5627 4.1550 5.2311 6.2350 7.4567 9.0657
RMSE 1.8875 2.0384 2.2872 2.4970 2.7307 3.0109

Table 5

Accuracy evaluation of LSTM prediction results in region B.
Time t4+1 t+2 t+3 t+4 t+5 t+6
MAE 1.4772 1.6116 1.8450 2.0393 2.2968 2.5273
R? 0.9579 0.9482 0.9333 0.9197 0.9021 0.8896
MSE 4.0058 4.8162 6.2814 7.9695 10.0670 12.1556
RMSE 2.0014 2.1946 2.5063 2.8230 3.1729 3.4865
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subsidence points in regions A (Fig. 16) and B (Fig. 17).

According to the prediction results, the localized subsidence in re-
gion A (see the black circle in Fig. 16(a)) had decreased from September
2020 to February 2021. The southwest part of region A (see the black
rectangle in Fig. 16(a)) was in the process of continuous subsidence. In
comparison, the localized subsidence in region B, although presenting
intensified surface subsidence in the central part, had not changed
greatly in terms of the position and size.

6. Conclusions

In this study, we used MT-InSAR and Sentinel-1 data to investigate
the surface deformation in Wuhan. Furthermore, the relationship be-
tween surface subsidence and nature- and human-induced factors were
quantitatively analyzed, and the time-series surface subsidence was
predicted. The main conclusions are as follows:

(1) The surface subsidence in Wuhan was obvious and unevenly
distributed. From January 2018 to August 2020, deformation
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Fig. 15. Time-series cumulative deformation predicted by LSTM model and monitored by MT-InSAR.

velocity ranged from —53.3 mm/year to 18.0 mm/year. The
severest surface subsidence occurred in Baishazhou of HS, with
the maximum cumulative subsidence reaching —130.7 mm. The
comparison of SBAS-InSAR results with PS-InSAR results and
leveling observations verified the reliability of MT-InSAR in
surface deformation monitoring.

The distance to soft soils (q value of 0.184) was the most
important factor that affects the spatial distribution of subsi-
dence. However, the spatial distribution of subsidence was
determined via the coupling effects from multiple factors (no
independent influence was found). The distance to soft soils and
the distance to karst collapse prone areas had the largest joint
influence (g value of 0.303) on the spatial distribution of surface
subsidence.

The proposed data-driven LSTM model achieved great perfor-
mance, despite that its prediction accuracy decreased slightly
with the increase of time span. The predicted results from LSTM
were highly consistent with measurement from MT-InSAR, with
MAE less than 2.6 mm and R? greater than 0.8 at the time t + 6. In
addition, the proposed LSTM model was able to achieve

11

consistently high performance over locations that presented
different patterns of surface subsidence.

(4) Future works are needed to conduct longer-term and higher-
resolution time-series surface deformation monitoring and anal-
ysis. With longer-period monitoring, we plan to introduce the
spatial neighborhood relationship of high-density monitoring
points into the model so as to achieve more accurate predicted
results of long-period surface subsidence.
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