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Regional subsidence monitoring
and prediction along high-speed
railways based on PS-InSAR and
LSTM

Yong-An Xuel?*?, You-Feng Zou3, Hai-Ying Li* & Wen-Zhi Zhang'?

The rapid construction of high-speed railways in China has forced more and more routes to pass
through slow subsidence zones caused by groundwater extraction or underground mining. It is crucial
to carry out deformation monitoring and prediction those areas along high-speed railways to ensure
the safe operation. Twenty-nine periods of Sentinel-1A data between Taiyuan South Station and
Taigu East Station were first processed using the PS-InSAR technique, and the ground subsidence
sequences at ten typical points were selected. Then the Variational modal decomposition (VMD) was
combined with the Adaptive Boosting Algorithm (AdaBoost), and the VMD-LSTMAda-LSTMAda
model was constructed by combining the long short-term memory (LSTM) model for the prediction
of regional ground subsidence along the high-speed railway. The results show that the cumulative
subsidence within the 200 m buffer of the line centreline is — 37.58 — 89.19 mm, and the annual
average subsidence rate is — 26.57 — 82.63 mm/y. The proposed model can reduce the complexity

of the deformation sequence and combines with AdaBoost to improve the prediction accuracy of
the LSTM model. It performs well in terms of RMSE, MAE, MAPE, and R? at the two feature points
(3703: RMSE =0.82 mm, MAE =0.25 mm, MAPE =6.31%, and R?=0.94; 522: RMSE =1.32 mm,
MAE = 0.46 mm, MAPE = 4.92%, R?>=0.95). The model improves the accuracy of regional subsidence
prediction along the high-speed railway.

High-speed railway foundation subsidence deformation monitoring and control is very important for its
high reliability, high stability, and high smoothness in operation'. At present, there are many de-formation
monitoring technology methods, both based on traditional optical instruments (precision level measurement?)
and electronic instruments (total station®, measurement robot*, GNSS°, liquid static level measurement®)
for periodic observation and analysis, and also based on InSAR”8, LiDAR®, and GNSS continuous operation
reference station!?, 3D laser scanning'!, fiber optic sensing!? and other modern mapping techniques for
deformation monitoring, and multi-source collaborative monitoring that integrates multiple observation
techniques'*!'4, which provide abundant technical references for the monitoring of the foundation subsidence
of high-speed railways.

Although the concept of InSAR technology has been proposed for several decades, its recent advancements
have made it particularly suitable for surface deformation monitoring. This is attributed to its capabilities of
all-weather operation, real-time monitoring, high efficiency, and the ability to cover large-scale areas under
study'>""”. Due to their characteristics, such as large spans, extensive coverage, and the need to operate under
complex and variable natural conditions, high-speed railways and other linear infrastructures pose unique
challenges for deformation monitoring. In this context, the use of Interferometric Synthetic Aperture Radar
(InSAR) offers significant advantages, including cost-effectiveness and the ability to identify regional subsidence
centers along the railway lines. These benefits are unmatched by other monitoring methods, which often struggle
to provide the same level of detail and coverage!®!®. Permanent Scatterers Interferometry (PS-InSAR) is an
advanced technique that has emerged subsequent to the development of Differential Interferometric Synthetic
Aperture Radar (D-InSAR)?, which is based on the comprehensive analysis of multiple images in the study area,
the deployment of the network, the establishment of a model of the phase difference between two adjacent points
as a function of the rate of deformation and elevation correction, the separation of the phase components, and
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the final extraction of the deformation com-ponents?!. InSAR technique has significantly better deformation
monitoring accuracy than the D-InSAR technique, and can be applied to deformation monitoring in low-
coherence areas with strong advantages, which has gained extensive attention and research from many
scholars?>?3, and has been widely used in deformation monitoring of linear projects such as subways, highways,
and high-speed railways**-%°. Ge et al. used radar interferometry (including D-InSAR and PS-InSAR) to acquire
and analyze the possible ground deformation along the Beijing-Tianjin high-speed railway and cross-validated
the ALOS D-InSAR results with the ENVISAT PS-InSAR results, which provided a methodological reference
for the analysis of high-speed railways subject to surface subsidence?. You et al. selected the updated SBAS-
InSAR technique to process and analyze the 35-view Sentinel-1A SAR data, and obtained the subsidence rate
and subsidence sequence values along the Panying Railway Passenger Dedicated Line and the Harbin-Dalian
Railway Passenger Dedicated Line, which provide an exploration of the application of the InSAR technique for
the monitoring of the subsidence of the high-speed railway line?:.

The Taiyuan-Jiaozuo High-speed Railway (TTHR), a crucial link between Taiyuan City in Shanxi Province and
Jiaozuo City in Henan Province, forms a vital segment of the "Hohhot-South Passage Road," a key component
of the "Medium and Long-Term Railway Network Plan" (2016 edition). Groundwater overexploitation in the
Taiyuan Basin, situated at the heart of Shanxi Province, has resulted in a persistent drop in groundwater levels,
triggering ground subsidence within the basin. This phenomenon poses a potential hazard to the safe operation
of the TTHR in the area. Presently, a growing body of literature employs In-SAR technology to investigate ground
subsidence in the Taiyuan basin?®-*!. Tang et al. utilized Sentinel-1 satellite data from 2015to 2020 for time
series SBAS-InSAR processing in the basin, revealing a — 70.0 mm/a subsidence rate in the central Taiyuan basin
area encompassing Xiaodian-Qingxu-Jiaocheng-Qixian-Taigu®’. They observed distinct "subsidence-bounce"
characteristics influenced by seasonal groundwater level fluctuations, with annual cyclic deformation reaching
26.2 mm. These studies offer valuable insights for monitoring ground subsidence along the TJHR?>.

Predicting deformation sequences derived from deformation monitoring techniques holds significant
importance for evaluating high-speed railway safety, as well as disaster prevention and mitigation. The Long
Short-Term Memory (LSTM) model*, a specialized Recurrent Neural Network (RNN) architecture addressing
long-term dependency and gradient issues in RNNs, has garnered considerable attention for its prowess in
sequence data prediction®*~’. Ye et al. utilized the PS-InSAR technique to capture long-term deformation trends
in Zhengzhou city, analyzing ground subsidence patterns along the metro line®®. They developed a multi-point
ground subsidence prediction model using LSTM to forecast subsidence at a typical metro station. However,
inherent limitations of the LSTM model suggest the potential for enhancement through comprehensive training
using the AdaBoost algorithm® to create the LSTM-AdaBoost robust prediction model, thereby boosting LSTM
prediction accuracy*®*!. Dragomiretskiy and Zosso introduced the Variational Modal Decomposition (VMD)
method, asignal decomposition approach based on adaptive signal decomposition, iteratively identifying Intrinsic
Mode Functions (IMF) representing local frequency characteristics*2. By decomposing the subsidence sequence
along the high-speed railway into smooth IMF sub-sequences using VMD, and subsequently combining these
sub-sequences into trend and disturbance terms based on frequency, followed by individual predictions using
the integrated LSTM-AdaBoost model, an improvement in deformation prediction accuracy and reliability can
be theoretically achieved. Current research emphasizes decomposition pre-diction and subsequent combination
methods*3~%8. Wang et al. merged Empirical Mode Decomposition (EMD) with Gradient Boosting Decision
Tree (GBDT) methods (EMD-GBDT) to forecast land subsidence along high-speed railways, offering valuable
insights for similar studies®.

The prediction of deformation in high-speed railway areas prone to subsidence is challenged by the nonlinear
and non-stationary characteristics of deformation sequences, which introduce uncertainty in the reliability of
time series prediction models. Although the LSTM model has seen some application, it has not addressed the
prediction lag issues stemming from its inherent model limitations. In this study, we propose a novel predictive
approach that leverages the concept of 'decomposition-forecasting-combination. The VMD is employed to
reduce the non-stationarity of deformation sequences and enhance the predictive performance of individual
models through ensemble training. Specifically, a combined forecasting method is introduced that utilizes time
series InSAR technology to acquire deformation sequences as a training set, integrating VMD with an ensemble
boosting method, AdaBoost. Initially, the subsidence series derived from the PS-InSAR solution undergoes
decomposition into relatively smooth IMF subsequences utilizing the VMD technique, leading to the creation
of a perturbation term and a trend term. Subsequently, the LSTM model undergoes training through AdaBoost
integration. Following this, the trained LSTM-AdaBoost model is employed to predict the perturbation term
and trend term individually, with the overall prediction result being a weighted average of the predictions.

Results

Regional deformation characteristics

The two images of the study area were mosaicked, and the differential interference phase of the PS point target
was obtained by differential interference processing, then the deformation rate of the PS point was finally
obtained by a series of operations such as interferogram calculation. Among them, the threshold value of the PS
point was selected as 0.75 by using the amplitude stability coefficient method.

Accuracy verification

The radar line-of-sight direction monitoring results were converted to vertical di-rection and then compared
with the land-state network GNSS monitoring results, the radar line-of-sight direction converted to vertical
direction is calculated as:

Ad' = Ad/ cos 0 (1)
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Number | V(mm/y) | VLOS (mm/y) | Absolute error (mm/y)
SXTY —2.44 —-2.59 0.15
SXYC 8.54 7.97 0.57

Table 1. Comparison of PS-InSAR and land-state network GNSS continuously operating stations.
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Fig. 1. A comparison of the cumulative deformation results from PS-InSAR monitoring with the GNSS
continuous observation at the SXTY site.

where, Ad' is a vertically oriented shape variable. Ad is the radar line-of-sight direction variant. 6 is the radar
angle of incidence. The annual mean deformation rate V of InSAR corresponding to the SXTY and SXYC site
were extracted by Kriging interpolation of the twelve surrounding PS points, which were transformed into the
vertical annual mean deformation rate VLOS for comparison with the V of GNSS. As shown in Table 1, the V
derived from GNSS data and the VLOS obtained from InSAR monitoring at the SXTY site between 5 September
2019 and 5 October 2020 are — 2.44 mm/y and — 2.59 mm/y, respectively. The discrepancy between these values
is 0.15 mm/y. In contrast, at the SXYC station, the difference is 0.57 mm/y. The trend of change in the InSAR
monitoring outcomes aligns with that of the terrestrial network monitoring results.

A comparison of the cumulative vertical deformation between the SXTY and SXYC stations is depicted in Figs. 1
and 2.

Figures 1 and 2 indicate that the overall trend of the time series obtained from PS-InSAR monitoring at the
SXYC station is approximately similar, but significant differences were observed on January 3, 2020, and June
19, 2020. The goodness of fit for time series monitoring at the SXTY station, when compared with the PS-InSAR
monitoring results, is somewhat less consistent than that of the SXYC station, yet the general trend remains
aligned, with a notable divergence occurring on March 27, 2020. These discrepancies are likely closely related
to meteorological factors and interpolation errors on the day of observation, impacting the monitoring results
for a specific period, but not affecting the overall deformation trend. By the end of the monitoring period, the
cumulative deformation values were essentially consistent. Integrating Table 1 and Figs. 1 and 2, the results are
highly reliable and can be utilized for characterizing the deformation of the research subject and for the training
and validation of the predictive model presented in this study.

Annual mean surface deformation characteristics

The twenty-nine periods of high-precision surface deformation results obtained by the PS-InSAR technique
for the study area from 5 September 2019 to 5 October 2020 are shown in Fig. 3. It shows that the PS points are
mainly located on stable scatterers such as villages, buildings, and roads in the Taiyuan Basin, while they are
sparsely distributed in the western mountainous areas due to the influence of vegetation cover, and also less
distributed on the cultivated land in the Taiyuan Basin, which makes the selection of PS points reliable. Based
on the deformation rate of each PS point, Kriging interpolation was used to obtain the V map of the study
area shown in Fig. 4. The ground subsidence pattern in Fig. 4 is consistent with that in Fig. 3, but there is a
phenomenon of significantly larger deformation rate in the southeast part of Qingxu, which can be seen in the
local image after superimposing PS points and zooming in, which is due to the scarcity of identified PS points in
the area, resulting in the amplification of the interpolated deformation rate, which is also a shortcoming of the
PS-InSAR technology in the suburbs of the towns and rural areas.
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Fig. 2. A comparison of the cumulative deformation results from PS-InSAR monitoring with the GNSS
continuous observation at the SXYC site.
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Fig. 4. Annual average surface deformation rate in the study area.

Cumulative surface deformation characteristics of feature points

To better grasp the surface deformation characteristics along the high-speed rail line, a buffer of 200 m was
built between Taiyuan South Railway Station and Taigu East Railway Station to the left and right with the center
line of the line, and ten PS points were selected as feature points in the buffer zone (Fig. 4), with the point
numbers of 67, 139, 207, 352, 522, 734, 1502, 2355, 2916, and 3703 respectively, of which, No. 522 was located
on the Jinzhong Special Bridge bridge deck roadbed of TJHR, and all other points are located on the buildings
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Fig. 5. Cumulative deformation trend of feature points.
Number 67 139 207 352 522 734 1502 2355 2916 3703
Average annual rate of deformation(mm/y) | —19.19 | 14.48 | 49.74 | 50.54 | —7.38 | —8.23 | —9.14 | —3.19 1.48 | —0.19
cumulative variable(mm) —28.71 | 13.67 | 44.36 | 53.70 | —15.20 | —11.15 | —17.82 | —9.70 | —6.28 | —1.29

Table 2. Average annual deformation rate and cumulative deformation at feature points.

(structures) and roads along the foundations of the TTHR. The trend of cumulative deformation overtime at the
ten feature points during the observation period was obtained (Fig. 5), and the V and cumulative deformation
were statistically obtained as shown in Table 2. The annual average deformation rates of the ten feature points
ranged from -19.19 to 50.54 mm/y, and the cumulative deformations ranged from — 28.71 to 53.70 mm.

Feature point deformation prediction

PS points 3703 and 522 were selected to represent the foundation feature points and roadbed feature points of
the TJHR, respectively, and the deformation sequences obtained from PS-InSAR solving between 5 September
2019 and 5 October 2020 were used to make predictions.

Optimal model parameters

The deformation sequence was divided into a training set (70% before the sequence) and a test set (30% after
the sequence) for model training and prediction vali-dation respectively. To compare the prediction results
objectively and reliably with each other, the optimal parameters of BP, LSTM, and VMD models were determined
after a large number of experimental comparisons. Among them, the step size was all taken as 4, the learning
rate of the BP model was 0.01, the error threshold was 0.01, and the number of iterations was 100; the hidden
layer of the LSTM model was 100, the learning rate was 0.001, and the regularisation parameter was 0.0001; and
the sampling frequency of VMD model was 12,000, the number of samples was 2000, and the number of modes
after.

VMD modal decomposition

The LSTM model is a machine learning model applicable to long time series, the return period of Sentinel-
1A data is twelve days, and in this paper, a total of twenty-nine periods of data are solved, which is small for
the amount of data available for training of the machine learning model. To improve the training effect of the
LSTM model, the Newton interpolation method was used to interpolate the time series deformation results of
PS points 3703 and 522 with an interpolation interval of one day, and three hundred and eighty-three periods of
deformation sequence data with a monitoring period of one day were obtained.

The VMD model was used to perform multi-scale decomposition of the deformation sequence (K=9), and
the nine IMF subsequences after the decomposition of PS points 3703 and 522 were shown in Fig. 6. It can be
seen that the deformation sequence was decomposed by the VMD into nine IMF subsequences with different
frequency scales, among which, the medium and high-frequency IMF1 ~IMF7 subsequences are the periodic
and random fluctuations present in the data, which are mainly affected by temperature, rainfall, and human
engineering activities, and thus can be superimposed as disturbance terms (IMF1+4IMF2+ ... +IMF?7). The
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Fig. 7. Comparison of perturbation term, trend term and original deformation sequence ((a) PS Point 3703;
(b) PS Point 522).

Fig. 8. Comparison of prediction results and observations for each model at No. 3703.

IMF8 and IMF9 sub-sequences in the low-frequency part are the long-term deformation trends implied in the
data, which are mainly affected by the geological characteristics of the region and groundwater exploitation,
and therefore can be superimposed as trend terms (IMF8 + IMF9). Comparison between the perturbation term,
trend term, and the original deformation sequence data obtained by superposition after decomposition is shown
in Fig. 7.

Figure 7 shows that the trend term characterizes the long-term deformation trend of PS points 3703 and 522
between 5 September 2019 and 5 October 2020, and the data series is non-smooth. The perturbation term, on
the other hand, has a high degree of similarity with the original data series in terms of the deformation curve,
but the shape variable fluctuates up and down around the value of zero, the cumulative shape variable varies
greatly, and the data series is relatively smooth. It can also be seen that the deformation trends of the two feature
points have strong similarities in the perturbation term, but are significantly different in the trend term. Among
them, the overall subsidence of PS point 3703 is smaller and has leveled off in the late monitoring period, while
PS point 522 continues to subside and shows an accelerated subsidence trend after the late monitoring period.

Comparison of prediction results

The BP neural network with good fitting ability to nonlinear data sequences was selected to participate in the
model performance comparison and evaluation, and BP and LSTM were used as the base models, and BP-
AdaBoost, LSTM-AdaBoost, VMD-BP-LSTM, VMD-BPAda-LSTMAda, and VMD-LSTM-LSTM were
constructed as the comparative models, to verify the prediction performance of VMD-LSTMAda-LSTMAda
based on the idea of "decomposition-prediction-combination", taking into account the fact that the summation
result of the IMF components after VMD decomposition is not equal to that of the non-decomposed data, we
use the original data minus the trend term as the perturbation term in the actual calculation. This can maintain
the smoothness of the trend term sequence without affecting the smoothness of the perturbation term sequence,
which is helpful in improving prediction accuracy and robustness. The prediction results of each model in the
test set of PS points 3703 and 522 are shown in Figs. 8 and 9.

As can be seen from Figs. 8 and 9, there is a more obvious difference between the prediction results of the BP
and LSTM models at the 2 feature points and the actual observations, and the BP-AdaBoost and LSTM-AdaBoost
models after the integrated training have been improved, which is mainly manifested in the fact that the fit of the
predicted deformation curves at the location where the deformation trend has taken a turn is improved, and the
VMD-BP-LSTM and VMD-BPAda-LSTMAda models further improve the agreement between the prediction
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Fig. 9. Comparison of prediction results and observations for each model at No. 522.

Point | Model RMSE/mm | MAE/mm | MAPE/% | R*
BP 5.67 0.55 10.91 0.82
LSTM 4.46 0.45 7.72 0.86
BP-Adaboost 4.25 0.44 7.43 0.86
LSTM-Adaboost 3.47 0.37 6.91 0.89

70 VMD-BP-LSTM 2.21 0.33 7.45 0.92
VMD-BPAda-LSTMAda 1.05 0.29 6.87 0.93
VMD-LSTM-LSTM 1.15 0.25 6.36 0.94
VMD-LSTMAda-LSTMAda | 0.82 0.25 6.31 0.94
BP 10.34 1.10 9.85 0.87
LSTM 9.95 0.94 8.13 0.88
BP-Adaboost 8.81 0.87 7.40 0.88
LSTM-Adaboost 8.04 0.79 6.94 0.90

> VMD-BP-LSTM 7.43 0.73 6.82 091
VMD-BPAda-LSTMAda 4.58 0.57 5.57 0.93
VMD-LSTM-LSTM 4.46 0.56 5.40 0.94
VMD-LSTMAda-LSTMAda | 1.32 0.46 4.92 0.95

Table 3. Comparison of prediction accuracy for each model. Significant values are in bold.

results and the actual observations, showing better trend fitting ability, while the VMD-LSTM-LSTM and VMD-
LSTMAda-LSTMAda models make the predicted values closer to the observed values in general, showing the
global optimality of the deformation prediction.

Figure 8 shows that the turning point of the deformation trend at PS point 3703, the predicted values of
the BP, LSTM, BP-AdaBoost, and LSTM-AdaBoost models are always lagging behind the actual observed
values by one step, i.e., one cycle, and the deformation curves show a near-parallel phenomenon, which is not
particularly obvious at PS point 522. The existence of this predicted value lagging behind the observed value by
one cycle means that the prediction results will not be applied in practice and the prediction model is invalid.
The VMD-BP-LSTM, VMD-BPAda-LSTMAda, VMD-LSTM-LSTM, and VMD-LSTMAda-LSTMAda models,
on the other hand, atten-uate the above phenomenon of prediction lag, and show a better fit at the trend turning
points. Compared with the original and integrated models, reducing the non-stationarity and stochasticity of
the deformed series by modal decomposition, and then using BP and LSTM models for decomposition to obtain
the series prediction and combine the results can both improve the original series prediction lag and an effective
way to improve the fit of the prediction curves.

Model performance evaluation

The prediction results of the eight models at two feature points were brought into the calculation of Egs. (6) to
(9), and the calculated RMSE, MAE, MAPE and R? values of the prediction results of the test set of deformation
sequences of PS points No. 3703 and No. 522 are shown in Table 3. The statistical results of the RMSE, MAE,
MAPE and R? values of the prediction results of the eight models for the two feature points show the same trend
of the prediction accuracy, indicating that the performance differences of the eight models can be distinguished
by these four indicators, which provides a reliable quantitative indicator for the evaluation of the models
performance.
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Discussion

Characterisation of regional deformation along the TJHR

Figure 3 shows that the annual average deformation rate of the overall solution covering the study area ranges
from — 33.80 to 81.76 mm/y, with slow subsidence in general and local uplift. Figure 4 shows that the PS points
where subsidence occurs are mainly concentrated in the western part of the study area near the Bianshan area and
Xiaodian district, the western Bianshan area has developed agriculture and more groundwater extraction, while
the rapid economic development of the Xiaodian district in recent years has led to an increase in population
and a faster growth in water consumption, which is the main cause of the larger rate of subsidence in these two
areas. Southeast of Qingxu extends to the western region of Jinzhong is shown as uplift, Taiyuan Basin is affected
by groundwater extraction surface subsidence is serious, after many years of controlling water extraction, the
subsidence trend has been effectively curbed, the effect is highlighted, in the region is shown as a trend of uplift.
At the same time, it can be seen that the cumulative subsidence within the buffer 200 m on both sides of the line
center line between Taiyuan South Station and Taigu East Station is — 37.58-89.19 mm, and the annual average
rate of subsidence is — 26.57-82.63 mm/y. There exists a subsidence con-centration area in the northeastern
part of Jinzhong Station and the eastern side of Taiyuan Wuxu Airport, which is related to the increase of water
consumption caused by the engineering construction and economic development of the area in recent years. On
the other hand, there is an uplift zone north of Taigu East Station, which is located in the east of Qingxu District
and the southeast of Taiyuan Xiahe Industrial Park, where the economic transformation and development has
reduced the demand for agricultural water, and the groundwater has been recharged to a certain extent, resulting
in the re-gional ground uplift, which is generally manifested as inhomogeneous subsidence.

Figure 5 shows that the deformation trend of the ten feature points exhibits slow subsidence and slow uplift,
of which, No. 139 is slow uplift, while No. 207 and No. 352 show rapid uplift. Comparing with Fig. 4, it can
be seen that these two points are located in the lifting area, and the PS points in this area are scarce, while
the rest of the points show a trend of slow subsidence. No. 67 has the largest cumulative subsidence amount
of 28.71 mm, which is located on the north side of Taigu East Station, and the subsidence trend of the area
should be paid attention to continuously in the future. No. 3703 has the smallest cumulative subsidence amount
of 1.29 mm, which is located in the accessory structure of Taiyuan South Station, and only on the subsidiary
structure of Taiyuan South Station during the whole monitoring cycle. on the object, with large lifting and
subsidence deformations occurring only on 29 September 2019, 27 March 2020, and 18 August 2020 during the
entire monitoring cycle, after which it quickly returned to smoothness, and the sudden changes were random,
indicating that the relative stability of the area is high. No. 522 is located on the bridge roadbed of the Jinzhong
Special Bridge, which is 30.44 km long and is located at the junction of Taiyuan and Jinzhong cities, and the
roadway section where No. 522 is located spans the Taiyu-an-Zhongwei-Yinchuan Railway, and is adjacent to
the Datong-Xian High-Speed Railway to the east, and was completed from 5 September 2019 to 6 May 2020,
with cumulative subsidence of 8.03 mm at No. 522, and then to the end of the monitoring on 5 October 2020,
with cumulative subsidence of 15.19 mm, the cumulative subsidence un-der static loading is significantly higher
than that during the construction period when it has not yet been put into operation, and is also related to the
impact of the dynamic loading on the foundations of the neighboring Taiyuan-Zhongwei-Yinchuan Railway
and the Datong-Xian High-speed Railway. Meanwhile, it can be seen that all the points experienced a jumping
phenomenon on 27 March 2020, with the subsiding points showing rapid lifting and the lifting points showing
rapid sinking, which may be related to the lifting of the datum caused by the rain and snow that occurred around
that date.

Analysis of feature point deformation prediction model

The LSTM model is one of the machine learning models with excellent performance in long sequence deformation
prediction, but affected by the model’s limitations, the LSTM model has insufficient prediction ability in the
nonlinear, non-smooth PS-InSAR monitoring deformation sequences along the high-speed railway. Figures 8
and 9 show that the LSTM prediction results lagged by one cycle compared with the observations, resulting
in unavailable prediction results. Considering LSTM as a weak predictor and using the AdaBoost algorithm
to construct an LSTM-AdaBoost strong predictor integrating LSTM, and repeatedly training LSTM by pre-
set training times, Table 3 shows that the prediction accuracy is significantly improved compared with the
original LSTM model, but comparing Figs. 8 and 9, it can be seen that the problem of prediction lag is not
effectively solved. Meanwhile, comparing the performance of the BP model in Figs. 8, 9, and Table 3, although
the prediction accuracy of the BP neural network is lower than that of the LSTM, the two models have similar
prediction performance, i.e., there is also a cycle lag between the results predicted using the BP model and the
observed values, and the use of the AdaBoost algorithm also improves the prediction ac-curacy of the BP model,
but fails to eliminate the prediction lag.

VMD was usually adopted to decompose the nonlinear, non-smooth sequence data into multiple IMF sub-
series, so that each IMF represents a different frequency component of the sequence data, and thus decomposes
the non-smooth data sequence into a series of relatively smooth modal components. The non-linear, non-
smooth feature point deformation sequence along the high-speed railway is decomposed into nine relatively
smooth IMF sub-sequences using VMD, which are merged and divided into the trend term in the low-frequency
part (IMF8, IMF9) and the perturbation term in the high-frequency part (IMF1 ~ IMF7) based on the frequency,
and two of BP, LSTM, BPAda and LSTMAda models were selected for the prediction of the trend and the
perturbation terms, respectively. The prediction results are combined into the total prediction results. Figures 8
and 9 show that the combined VMD-BP-LSTM, VMD-BPAda-LSTMAda, VMD-LSTM-LSTM, and VMD-
LSTMAda-LSTMAda model predictions agree significantly better with the observations, while attenuating the
effect of prediction lag on the reliability of the predictions. Table 3 further shows that the prediction accuracy
of the VMD-BP-LSTM model is significantly improved over the BP, LSTM, BPAda, and LSTMAda models,
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Fig. 10. Geographic map of the study area.

Number | Date Number | Date Number | Date

1 2019.09.05 | 11 2020.01.03 | 21 2020.05.14
2 2019.09.17 | 12 2020.01.15 | 22 2020.06.07
3 2019.09.29 | 13 2020.01.27 | 23 2020.06.19
4 2019.10.11 | 14 2020.02.08 | 24 2020.07.01
5 2019.10.23 | 15 2020.03.03 | 25 2020.07.25
6 2019.11.04 | 16 2020.03.15 | 26 2020.08.06
7 2019.11.16 | 17 2020.03.27 | 27 2020.08.18
8 2019.11.28 | 18 2020.04.08 | 28 2020.09.11
9 2019.12.10 | 19 2020.04.20 | 29 2020.10.05
10 2019.12.22 | 20 2020.05.02

Table 4. Available time-series Sentinel-1A data of the study area.

while the prediction accuracy of the VMD-BPAda-LSTMAda, VMD-LSTM-LSTM and VMD-LSTMAda-
LSTMAda models is significantly improved. Among them, the prediction accuracies of the VMD-BPAda-
LSTMAda and VMD-LSTM-LSTM models are approximately the same, and the comparison of the evaluation
indexes of each model in Table 3 shows that the prediction accuracies of the LSTM and BPAda models are also
approximately the same, which suggests that the BP model can be used instead of the LSTM model to carry
out the nonlinear approximate prediction of smooth sequences. The VMD-LSTMAda-LSTMAda model has
the highest prediction accuracy among the four combined models (3703: RMSE=0.82 mm, MAE=0.25 mm,
MAPE=6.31%, R>=0.94; 522: RMSE=1.32 mm, MAE=0.46 mm, MAPE =4.92%, R?>=0.95), indicating that
the "decomposition-prediction-combination” idea is an effective way to solve the nonlinear and non-stationary
time series robustness.

Materials and methods

Description of the study area

Construction of the TJHR commenced on 16 June 2016 and commenced operations on 12 December 2020,
spanning a total length of 358.764 km, featuring thirteen stations, and designed for speeds up to 250 km/hour™®.
Notably, Taiyuan South Station, Jinzhong Station, and Taigu East Station reside within the Taiyuan Basin.
Prolonged groundwater overexploitation has led to a consistent drop in groundwater levels within the basin,
resulting in significant ground subsidence (Fig. 10). Despite recent efforts to regulate groundwater extraction,
aquifers in the basin have witnessed effective replenishment, leading to water level rebounds and a mitigation
of the ground subsidence trend. Nevertheless, heterogeneous subsidence remains a critical factor impacting
large-scale construction and operations in the region. Research findings indicate that predominant ground
subsidence within the Taiyuan Basin is concentrated in the central region (specifically, the Xiaodian-Qingxu-
Jiaocheng-Qixian-Taigu area, with a rate of — 70.0 mm/y)*2. The TJHR traverses this significant subsidence
zone, gradually emerging as a key threat to the railway’s safe operation over time. This study focuses on Xiaodian
District, Qingxu District, Yuci District, and Taigu County within the Taiyuan Basin, Shanxi Province, China, as
the study area, with the TJHR segment from Taiyuan South Station to Jinzhong Station to Taigu East Station as
the primary research subject.

Data sources

The twenty-nine phases of Sentinel-1A strip-mode image data covering the study area were selected for
the ground subsidence deformation monitoring analysis, and each phase of data was obtained by splicing
two adjacent images, with the data time-phase from 5 September 2019 to 5 October 2020, and adopting the
interferometric wide swath (IW) data imaging mode, with the polarisation mode is VV 4+ VH polarisation, the
band is C-band, the spatial resolution is 5 m X 20 m (azimuthal X distance), the data type is Single Look Complex
(SLC), the return period is 12 days, which ensures a better monitoring density, and is very advantageous for the
portrayal of surface deformation features, and the reference DEM data is used to cover the image range of the
SRTM 30 m data. The data acquisition time is shown in Table 4.
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Technical route

Twenty-nine periods of Sentinel-1A data were firstly selected for surface deformation monitoring in the
study area using PS-InSAR technology, twenty-eight issues of de-formation sequence data were acquired, and
the accuracy of PS-InSAR results was verified using GNSS observation data from the continuous operation
reference station of land state network; Then, ten typical PS points between Taiyuan South Station and Taigu
East Station are selected as the feature points for the deformation characterisation of the research object, and
one foundation point and one road base point are selected as the sample points for the training and validation of
deformation prediction model; then, Newton’s interpolation®® was used to interpolate according to the interval
of one day, and the three hundred and eighty-three periods deformation sequence data are obtained with one
day as the monitoring period; then, the modal decomposition of deformation sequences of the two feature
points was carried out using the VMD method and the results are superimposed into perturbation and trend
terms according to the frequency from high to low; the LSTM model was trained with the integrated AdaBoost
algorithm to obtain the LSTM-AdaBoost strong prediction model; the LSTM-AdaBoost model was then used
to predict the perturbation terms and trend terms respectively, and the two predictions were combined as the
prediction of deformation in the feature points; Finally, the prediction accuracy of the model was evaluated
to achieve the deformation monitoring and prediction along the high-speed railway. The specific steps are as
follows (Fig. 11):

(1) Acquire Sentinel-1A data and DEM data covering the study area, carry out PS-InSAR solving to obtain the
deformation sequence of the study area, transform the subsidence along the line-of-sight direction to the
vertical direction, and verify the ac-curacy of the InSAR results by using the GNSS observation data from
the SXTY station of the land-state network.

(2) Ten typical PS points in the 200 m buffer zone on the left and right sides of the research object are selected
as feature points, and these feature points are used to characterize the deformation of the research area and
the research object, and the de-formation sequence of one feature point located on the foundation and one
located on the roadbed are selected as the data source for the subsequent experiments.

(3) Interpolate the experimental data with Newton’s interpolation method with an interpolation interval of one
day to obtain the deformation sequences with equal time intervals, and divide the first 70% of the deforma-
tion sequences as the training set of the prediction model, and the last 30% as the test set.

(4) Input the deformation sequences into the VMD model for modal decomposition, and set the modal num-
ber to nine to obtain the subsequence IMF1 ~ IMF9, super-impose the summation results of IMF1 ~IMF7
as the perturbation term, and the summation results of IMF8 and IMF9 as the trend term.

(5) The AdaBoost algorithm is used to integrate and train the LSTM model, and the trained LSTM-AdaBoost
model is used to predict the perturbation term and trend term obtained from VMD decomposition respec-
tively, and the combination of the above two prediction results as the final prediction result is adopted in an
equally weighted way, to establish the VMD-LSTMAda-LSTMAda model for the prediction of deformation
along the high-speed railway. Model.

(6) The model prediction accuracy was evaluated using Root Mean Squared Error (RMSE), Mean Absolute Er-
ror (MAE), Mean Absolute Percentage Error (MAPE), and Coefficient of Determination (R?), and BP-Ada-
Boost, LSTM-AdaBoost, VMD-BP-LSTM, VMD-BPAda-LSTMAda and VMD-LSTM-LSTM models were
constructed based on BP and LSTM models for comparative analyses of VMD-LSTMAda-LSTM Ada model
performance and its applicability.

PS-InSAR technology

PS-InSAR technique uses N+ 1 SAR images of the same area, selects one of them as the main image, and the
remaining N images as the auxiliary images, and makes a difference with the phase values of the corresponding
pixels of the permanent scatterers (e.g. buildings, bridges, roads, etc.) of the main image, respectively, to obtain
N differential interferograms. The residual topography, target offset, and atmospheric effects are calculated by
selecting high-quality feature points as permanent scatterer points (PS points), and the surface deformation is
inverted according to the linear model. where the phase ; of i differential interferogram is Ref.*:

Wi = @‘dr,fﬁi + ¢t(}1}(}77l + (fjflm‘if + (bm‘,mii + (b'n,()is(-:if (2)

Fig. 11. The general technology roadmap of this study.
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Fig. 13. Schematic diagram of LSTM network structure.

where, ¢qc¢ ; is the deformation phase in the LOS direction; ¢y, ; is the residual terrain phase; ¢ ; is the
horizon; ¢u,,_; is the atmospheric delay phase; ¢pqisc_; is the phase of other noise.

As shown in Fig. 12, the PS-InSAR technology could process the acquired deformation variables up to the
millimeter level, and when monitoring the regional subsidence along the high-speed railway, it can selectively
screen the typical PS points along the characteristic areas, obtain the continuous and reliable deformation
sequences, and then analyze the de-formation characteristics and predict the deformation trend.

Long short-term memory network (LSTM)

LSTM is indeed a variant of recurrent neural networks designed to address the challenges of the gradient
explosion or vanishing problem encountered in simple recurrent neural networks. The key innovation of LSTM
lies in its introduction of the Gating Mechanism, which effectively regulates the flow of information within the
network. The formula for these three gates:

fr=0o(W;-[h1, A+ by) (3)
iy =o(W; - [hi—, A + by) (4)
o = O'<I/1/0 . [htfb Af] + b(}) (5)

where, W, W;, W, are the weight matrices of the forgetting gate, the input gate, the current input cell, and the
output, respectively. by, b;, b, are the bias terms for the oblivion gate, the input gate, the current input cell, and the
output respectively. [h;_1, A;] means that two vectors are joined into a longer vector. o is the Sigmoid function.

The LSTM network structure is shown in Fig. 133, which is computed as follows:

The three gates (forget gate, input gate, and output gate) are computed based on the external state h;_; from
the previous time step, the input X; at the current time step, and the candidate state ¢;.

The forgetting gate f; and the input gate 7, work together to update the memory cell ¢,.

The output gate o; combines information from the internal state and passes it to the external state h;.

Model evaluation

In assessing the performance of the prediction model, metrics such as RMSE, MAE, MAPE, and R? were selected
as the evaluation indices. A decrease in the values of RMSE, MAE, and MAPE signifies enhanced accuracy
in model predictions and an overall improvement in the prediction model. Conversely, R?, within the [0,1]
range, serves as a gauge of the model’s predictive capability; the closer R* approaches 1, the stronger the model’s
predictive ability, and vice versa. The formulae for each evaluation indicator are set out below:

RMSE =
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where, N is the sample size, z;(i = 1, 2, ---, N) is an observation, Z; is the predicted value of x; and 7 is the
mean of x;.
Conclusions

The Taiyuan Basin has been affected by groundwater mining leading to significant surface subsidence, which
poses potential risks to the safe operation of high-speed railways, highways, and other linear projects operating
in the basin. Based on the PS-InSAR technique, the surface subsidence results of the area along the TJHR in the
study area within one year before the completion and operation were obtained, the subsidence characteristics of
ten PS points along the line were analyzed, and the de-formation prediction of two of these feature points was
carried out by using the VMD-LSTMAda-LSTMAda model. The results show that:

(1) The overall subsidence trend in the study area shows uplift in the southwest, subsidence in the northwest,
and smooth in the east, and the surface subsidence be-tween Taiyuan South Station and Taigu East Station
shows uneven subsidence in general, and the exploitation of groundwater for industrial and agricultural
production and people’s life is the main driving force leading to the development of ground subsidence in
the area, which poses a potential threat to the subsequent healthy operation of TTHR in the context of the
control of groundwater exploitation in Taiyuan City.

(2) The AdaBoost algorithm can improve the prediction accuracy of BP and LSTM models on nonlinear and
nonsmoothed sequences, but it can't effectively eliminate or weaken the prediction lag problem caused by
the constant change of the trend of the deformation sequence, and the prediction results with prediction
cycle lag are of no practical value in production.

(3) The VMD decomposition reduces the complexity of the deformation sequence along the high-speed rail-
way, the sub-sequences are smoother than the original sequence, the AdaBoost integrated training im-
proves the prediction accuracy of the LSTM model, and the combined LSTMAda model gives fuller play
to the advantages of the LSTM model in the prediction of the sequence data, therefore, the VMD-LSTMA-
da-LSTMAda model can obtain more accurate and robust prediction results.

(4) PS-InSAR technology has the problem of insufficient identification of PS points in the outskirts of towns
and rural areas, while interpolation will lead to the amplification of the sedimentation rate in the blank area
of PS points, which affects the accuracy of the analysis of the extreme value of sedimentation, and in the
future, we should try to use the SBAS-InSAR technology for sedimentation monitoring. Meanwhile, there
is a certain subjectivity in combining the IMF subseries after deformation time series de-composition into
disturbance and trend terms, and in the future, we should consider combining each IMF subseries with
equal weights after predicting them separately, to improve the objectivity and automation of the process.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on
reasonable request.
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