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Abstract: The Xiaolangdi reservoir has a storage capacity of more than 10 billion cubic meters, and
the dam has significant seasonal deformation. Predicting the deformation of the dam during different
periods is important for the safe operation of the dam. In this study, a long short-term memory (LSTM)
model based on interferometric synthetic aperture radar (InSAR) deformation data is introduced
to predict dam deformation. First, a time series deformation model of the Xiaolangdi Dam for
2017–2023 was established using Sentinel-1A data with small baseline subset InSAR (SBAS-InSAR),
and a cumulative deformation accuracy of 95% was compared with the on-site measurement data at
the typical point P. The correlation between reservoir level and dam deformation was found to be 0.81.
Then, a model of reservoir level and dam deformation predicted by neural LSTM was established.
The overall deformation error of the dam was predicted to be within 10 percent. Finally, we used the
optimized reservoir level to simulate the deformation at the measured point P of the dam, which was
reduced by about 36% compared to the real deformation. The results showed that the combination
of InSAR and LSTM could predict dam failure and prevent potential failure risks by adjusting the
reservoir levels.

Keywords: SBAS-InSAR; LSTM; rockfill dam; deformation prediction; reservoir storage level scheduling

1. Introduction

Rockfill dams are large hydraulic structures composed of various rock materials
equipped with impermeable core walls made of special materials. Dams play important
roles in terms of water storage, flood control, sand drainage, and power generation. They
have a great influence on the development of industry and agriculture and the local
geological environment [1,2].

During the construction of a rockfill dam, different materials are used in different
embankment zones; the same embankment zone may be constructed differently in the field,
leading to inevitable differences in deformation in different areas of the dam [3]. After the
dam is completed and commissioned, the reservoir begins to store water and adjusts its
level according to certain rules. The dam body also undergoes seasonal deformation as the
hydrostatic pressure on the dam changes with the rainfall and reservoir levels [4].

Rockfill dams have more complex deformation characteristics than conventional
structures or concrete dams. To assess the overall structural health in a timely manner, the
periodic deformation monitoring of dams is essential. It can be used to predict how a dam
will deform over a period of time in the future to determine if any safety hazards exist
and to take appropriate actions to prevent the main body of the dam from crumbling or
collapsing [5].

Most traditional dam deformation monitoring methods use geodetic techniques, such
as using level and total station measurements for observations [6]. In addition, more
sophisticated global satellite positioning techniques can be employed [7]. Sensors such as
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embedded flexible pipes can also be installed inside dams for monitoring [8]. Although
these methods are widely used, they are labor-intensive and expensive. In addition, these
methods can only reflect the deformation of monitoring points or lines. However, they do
not accurately reflect the overall deformation of a dam. Some scholars have used numerical
simulations to reconstruct the deformation characteristics of an entire dam using similar
methods, provided that the design and construction parameters of each part of the dam
are available, and the overall deformation is calculated via computer simulations [9,10].
Currently, many rockfill dams were built and put into operation worldwide so early that
some of the dam parameters are missing, and this method cannot be used.

Interferometric synthetic aperture radar (InSAR) can acquire information on the de-
formation of the Earth’s surface on a millimeter scale over time [11]. It has been widely
used to map deformations caused by geological events, such as landslides, earthquakes,
and volcanic eruptions [12–15]. It has also achieved good results in monitoring the effects
of human activities such as mining, groundwater extraction, road subsidence, and urban
development [16–24]. In addition, large regional surface studies, such as polar permafrost
and glacier monitoring, have great potential [25–27].

With respect to the monitoring of dam deformation using InSAR, Zhou et al. [28,29]
showed that the overall deformation of the Shuibuya Dam obtained using the multiple-
temporal InSAR (MT-InSAR) technique is in agreement with the results of in situ geodetic
measurements. On this basis, the numerical model of dam deformation using finite ele-
ment analysis can be complemented by surface deformation monitored via InSAR. Ruiz-
Armenteros et al. [30] used MT-InSAR to study a dam in southern Spain and observed
significant vertical settlement in the main body of the dam, with deformations mainly dis-
tributed in the center of the dam and part of the slope adjacent to the dam. Biondi et al. [31]
studied the deformation characteristics of the Mosul Dam using the PS-InSAR technique
and showed significant settlement at the center of the dam and opposite deformation trends
at the two ends of the dam. A crack was found in the dam that seriously threatened its safe
operation. Xiao et al. [32] combined ICEsat-2, Sentinel-1, and Sentinel-2 satellite data and
used the small baseline subset InSAR (SBAS-InSAR) technique to investigate the failure
of the Sardoba Dam in 2020. The dam failure section showed abnormal settlement, and it
was hypothesized that seepage may have occurred inside the dam, resulting in changes
in the pressure-bearing capacity and structural stability of the dam, thereby causing the
accident. Bayik, Abdikan, and Arıkan [33] monitored the Atatürk Dam in Turkey using
multiple images from three satellites, ERS, ENVISAT, and Sentinel-1A, in different orbits,
and they found that the dam was still settling 28 years after its construction. However, the
deformation characteristics of the dam were different in different periods and showed that
the water storage level and the dam deformation were not always correlated.

Long short-term memory (LSTM) is one of the most influential methods in the field
of deep learning [34–38], and many researchers have used LSTM models to explore the
potential information of data in investigations such as surface observations. Jean et al. [39]
used an LSTM model to assess seismic vulnerability across India and prioritize areas in
need of protective measures. Li et al. [40] achieved real-time monitoring and prediction
of landslide displacement using a deep learning framework based on LSTM to study
landslides in the Three Gorges area of China. Chen et al. [41] used the LSTM model
based on sliding window data to build a model for predicting future precipitation with
precipitation data of up to 40 years in some regions of Turkey as the dependent variable
and analyzed the lag period of the precipitation time series by adjusting the model’s
hyperparameter. Radman, Akhoondzadeh, and Hosseiny [42] used the InSAR technique to
obtain surface deposition data near Lake Urmia in Iran and developed a predictive LSTM
model combining environmental parameters such as groundwater content to investigate
the driving factors affecting surface deposition. The LSTM model proved to be excellent for
the time series data. We used longer-period InSAR deformation data and combined them
with daily water storage level data to better utilize the data mining capability of LSTM.
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The overall workflow diagram of this study is shown in Figure 1, and the main work
can be divided into three parts:

(1) Obtain the spatial and temporal evolution characteristics of dam surface deformation
by constructing a time series model of the Xiaolangdi Dam using SBAS-InSAR.

(2) Analyze the deformation law of the InSAR model and propose an LSTM network
model using water storage level data to predict the surface deformation of the dam.

(3) Optimize the prediction model and propose a reservoir level scheduling scheme
and finally verify the feasibility of the scheme using the InSAR-LSTM deformation
prediction model.
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2. Materials
2.1. Study Area

The Xiaolangdi Dam was constructed in 2001 and is located 40 km north of Luoyang
City, Henan Province, China, on the main stream of the Yellow River, as shown in Figure 2.
The dam is a comprehensive large-scale water conservancy project that integrates siltation
reduction, flood control, water supply control, irrigation, and power generation. The dam
is a key project in the management and development of the Yellow River, controlling a total
basin area of 694,000 km2, accounting for 92.3% of the Yellow River.
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Figure 3 shows the structure of the dam. The inside of the dam is a clay-inclined core
wall that prevents water seepage, whereas the outside is composed of rock and clay. With a
storage capacity of 12.65 billion m3, the highest elevation of the dam is 283 m. The normal
storage level is 275 m, the heads above and below the dam are approximately 100 m, and
the highest historical water storage level was 273.35 m.
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2.2. Dataset

In this study, the radar image data used were from the Sentinel-1 satellite launched by
the Copernicus program of the European Space Agency, using the data type single look
complex (SLC) and the polarization method of vertical send and vertical receive (VV). This
satellite is equipped with a C-band (5.6 cm wavelength) SAR sensor, the satellite revisit
period is 12 days, and the acquisition interval for a few phases of images is 24 days. The
imaging mode was interferometric wide-width (IW), with each image having a width of
250 km and resolution of 5 × 20 m. A total of 174 images acquired in the Earth’s ascending
orbit were used in this study, and the experimental area and coverage of the images are
shown in Figure 4a.
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3. Methods
3.1. InSAR Deformation Model

The InSAR technique uses the phase difference between two satellite passes to ob-
tain a ground digital elevation model [43]. The differential InSAR (D-InSAR) technique
introduces an external DEM based on two images to obtain surface deformation informa-
tion [44]. The application of D-InSAR for regional deformation monitoring is often affected
by orbital parameter errors, topographic data errors, phase noise caused by interference
loss correlations, phase decoupling errors, and atmospheric delays. To solve this problem,
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Ferretti proposed the PS-InSAR technique, which eventually formed the technical theoret-
ical system of MT-InSAR [45–50]. Its classical methodological theory, SBAS-InSAR, can
perform phase analysis on coherent targets to obtain time series deformations. Its powerful
ability to model time series deformations has been demonstrated in many studies [51–53].

In this study, we used SBAS-InSAR to process Sentinel-1 data and build a time series
model of dam deformation, as shown in Figure 5a. After acquiring the raw image data, all
the images were corrected using the precision orbit data provided by the ESA. The data
were assembled into differential interferometric image pairs according to a time–space
baseline of 90 days and 2% of the maximum spatial baseline of all images. The topographic
phases were removed using SRTM DEM data at a 90 m resolution which were acquired by
the US Space Shuttle. The data were filtered using Goldstein’s algorithm [54]. The phase
was deconvolved using a minimum-cost flow algorithm [52]. External control points were
introduced for trajectory refinement, and the mean displacement rate of the observation
points was obtained for terrain correction. The atmospheric phase was estimated and
removed in the next step, and the deformation was inverted using the singular value
decomposition method to generate a deformation model of the mean displacement rate
and time series and finally geocoded to transfer the deformation from the radar coordinate
system to the geographic coordinate system.
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3.2. Validation of InSAR Deformation Model Reliability

Synthetic-aperture radar acquires images through side-view imaging, which allows us
to obtain the deformation of the observation point in the line of sight (Los) of the satellite.
This result expresses the variation in the distance between the observation point and the
satellite platform.

The deformation of the observation point in the image is the 3D deformation of the
ground point projected onto the image coordinates [55]. Ground truth data can be used
to verify the reliability of the InSAR deformation model because the deformation of the
ground observation point is usually a joint effect of deformation in multiple directions.

[
DLos
Dazi

]
=

[
cosθ sinθsinα −sinθcosα

0 cosα sinα

]Dz
Dx
Dy

 (1)
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In general, the coordinate system used in geodetic techniques is a geographic coordi-
nate system consisting of north, south, east, and west vertical directions. In this study, we
used the measured deformation data of the Xiaolangdi Dam at the on-site point P, and the
coordinate system of the data was the local coordinate system of the dam, including the
three-dimensional deformation along the dam axis, perpendicular to the dam axis, and in
the vertical direction.

We projected the three components of the dam axis, perpendicular to the dam axis,
and vertical direction to the satellite’s line of sight according to Equation (1), as shown
in Figure 5b. Dx represents the dam axis direction component, which is positive to the
left bank of the dam; Dy is perpendicular to the dam axis direction component, which
is positive downstream of the dam; and Dz represents the vertical direction component,
which is positive in the upward direction. The angle between the flight direction of the
satellite platform and the dam axis is γ. θ is the radar incidence angle, which is the angle
between the radar line of sight and the vertical direction. α is the magnitude of the angle of
the Dx positive direction clockwise to the satellite flight direction (analogous to the satellite
heading angle in the geographic coordinate system).

3.3. InSAR Deformation Prediction Model
3.3.1. LSTM Neural Network

Deep learning is revolutionizing artificial intelligence around the world [56,57]. An
artificial neural network (ANN) is the foundation of deep learning. The artificial neural
network model consists of fully connected layers, which can be classified into input, hidden,
and output layers. The activation function is at the core of a neural network. The input
data are controlled using the activation function. Sigmoid, tanh, and ReLU are the most
commonly used activation functions. In this model, the layers are connected by weights.
The neural network learns to determine the weights between layers through training. In
traditional neural networks, information is transmitted from the input to the output layer.
This process can be considered independent. This implies that the output depends only on
the current inputs. However, in many realistic tasks, the network output depends not only
on the current input but also on its past output.

A recurrent neural network (RNN) takes sequence data as input, iterates in the di-
rection of sequence evolution, and connects all nodes (recurrent units) in a chain fashion.
The hidden layer contains a state vector that stores the historical information of all past
elements and weights of the entire network. Compared with artificial neural networks,
recurrent neural networks can jointly determine the output of the current moment and are
more suitable for time series problems, as shown in Figure 6.
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Although recurrent neural networks are used to process time series data, in practice,
storing such information for a long time is difficult. The gradient explosion problem occurs
in long-term dependency problems. In response, LSTM networks incorporate a special
control unit (memory cell) into the recurrent neural network, as shown in Figure 7.
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The specific computational process is shown in Equations (2a)–(2f), where the memory
cell consists of a control gate, update gate, and forget gate. After the data x〈t〉 at time t,
the hidden layer state vector a〈t−1〉 and the cell state parameter c〈t−1〉 are inputted into the
LSTM cell, the candidate value c̃t for the cell state parameter update is first generated by
the tanh activation function, and then a〈t−1〉 and x〈t〉 are inputted into the update cell; the
update weight Γu, the forget weight Γ f , and the output weight Γo are calculated using the
Sigmoid activation function, and the c〈t〉 of the next LSTM cell is determined according to
Γu and Γ f , while the a〈t〉 of the next cell is determined using the output weight Γo. Thus,
the LSTM cells are calculated.

c̃t = tanh
(

Wc

[
a〈t−1〉, x〈t〉

]
+ bc

)
(2a)

Γu = σ(Wu

[
a〈t−1〉, x〈t〉

]
+ bu (2b)

Γ f = σ(W f

[
a〈t−1〉, x〈t〉

]
+ b f (2c)

Γo = σ(Wo

[
a〈t−1〉, x〈t〉

]
+ bo (2d)

c〈t〉 = Γu ∗ c̃t + Γ f ∗ c〈t−1〉 (2e)

a〈t〉 = c〈t〉 ∗ tanhc〈t〉 (2f)

3.3.2. Construction of the Prediction Model

The structure of the LSTM model used in this study is shown in Figure 8 and was
implemented using the TensorFlow and sklearn modules from the Python community.
Two LSTM layers were added to the model, each with a size of 50. To prevent model
overfitting, a dropout layer was used to discard random nodes in the network at a scale of
0.2. Finally, the final output was transformed into a one-dimensional vector Ỹi using a fully
connected layer.

The gradient descent optimization of the loss function was performed using the Adam
optimization algorithm, and the mean square error was used to evaluate the accuracy of
the model. To train the model, the original data were divided into training and prediction
sets, and the k-fold cross-validation method was used for the training set, where k was set
to 2. In the training process, the training set was divided into two parts: one part was taken
as the validation set, and the other part was taken as the training set. The GridSearchCV
function was used to search for the best hyperparameters of the model and obtain the
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best-weight model. Finally, the test data were fed into the trained model, and the prediction
results were output and validated against actual data.
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4. Results and Analysis
4.1. InSAR Deformation Results and Validation

In this study, a time series model of dam deformation was established using Sentinel-1
data from March 2017 to February 2023, and the cumulative deformation of the dam body
was obtained, as shown in Figure 9. In the early stages of deformation, the dam tended to
be close to the satellite, with a maximum deformation value of 5 mm. In the middle stage
of deformation, the center of the dam tended to be far from the satellite, whereas the left
and right sides and the bottom of the dam maintained a small tendency to be close to the
satellite. In the later stages of deformation, the dam as a whole tended to move away from
the satellite, and there were significant differences in the deformation values in different
areas, with the largest deformation value of −155 mm occurring in the middle of the top of
the dam near the upstream side.
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We plotted the cumulative deformation data at different times for points on the
upstream slope, top, and downstream slope of the dam on lines, as shown in Figure 10. All
three lines tended to have smaller deformation values on both sides, and the central part
near the left side had the largest settlement value. The deformation value of the exposed
water part of the upstream slope of the dam was slightly larger than that of the top of the
dam, and the accumulated deformation values of the downstream slope were significantly
different from those of the upstream slope and top of the dam.
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Figure 10. (a–c) Cumulative sink value line segments of the upstream slope of the dam, the top of the
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The true deformation of the dam obtained via the geodetic method at the typical point
P is shown in Figure 11b. The dam field deformation monitoring dataset consists of a total
of data in three directions, Dx, Dy, and Dz, acquired from March 2017 to December 2020.
We projected the displacement data in three directions upward to the satellite’s line of sight
according to the formula and compared them with the data obtained via InSAR, as shown
in Figure 11c. The accuracy of the accumulated deformation value for P was 95%, and the
correlation coefficient R was 0.93. We found that the data distributions of P and the InSAR
deformation values were in good agreement.
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Figure 11. (a) Location of on-site data point P. (b,c) Measured data of ground point P; Dx, Dy, and Dz
are measured on the ground in each of the three directions, Los is the deformation data Los after the
projection of the measured data, and SAR-Los is data from the InSAR deformation model.

4.2. Analysis of Deformation and Water Storage Level Data

Based on the InSAR deformation model data SAR-Los analyzed above, the defor-
mation of the dam was generally decreasing, but there was still a local trend of periodic
changes. At the typical point P, the deformation curve had a localized upward trend around
June each year, as shown in Figure 12.
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Figure 12. The schematic diagram of the periodicity of deformation at point P.

The overall deformation of the dam during 2018–2019 was specifically taken and
plotted. As shown in Figure 13, only the center of the dam showed obvious periodic
deformation throughout the year, and the overall deformation trends of the center of the
dam and point P are the same. But there was basically no deformation on either side or
the lower part of the dam. At this point, our conclusion is that the deformation of the dam
body of the Xiaolangdi Dam is periodic.
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Figure 13. The time series variation of the cumulative deformation of Xiaolangdi Dam from 2018
to 2019.

Henan Province has a continental monsoon climate with a large amount of rain in
the summer and little rain in the winter. In response to changes in precipitation, reservoir
levels must also be adjusted. The water contact surface on the upstream side of the dam is
subjected to hydrostatic pressure from the reservoir water. As the reservoir level changes,
the hydrostatic pressure also changes. Considering that the Xiaolangdi Dam also exhibits a
cyclic deformation trend, we speculate that hydrostatic pressure is the main driving factor
for deformation.

We compared the InSAR deformation data of the dam at the typical point P with the
water level data, as shown in Figure 14. The Pearson correlation coefficient R between the
accumulated deformation values of the InSAR model and the storage level data was 0.81.
In order to express the relationship between the two more clearly, we selected the detailed
comparison data of the storage level and deformation between 2018 and 2019 for analysis.
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Figure 14. (a) Comparison of deformation data and water storage level data at point P; (b) Stage
diagram of deformation data and water storage level data in 2018–2019, (1)–(4) are the numbering of
the different stages based on the trend of the line.

Over one year, the deformation curve can be roughly divided into four stages according
to the slope of the curve, as shown in Figure 14b, and we performed a statistical analysis
on the water storage level and deformation information in different stages, as shown in
Table 1. By analyzing the relationship between the two, we concluded that around the field
measuring point, the deformation value decreases when the water storage level increases
and increases when the water storage level decreases around the typical point P.
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Table 1. The characteristics of the water storage level and dam deformation changes at different
times.

Stage 1 2 3 4

Date 1 January 2018–6
February 2018

6 February 2018–26
March 2018

26 March 2018–18 June
2018

18 June 2018–8 January
2019

Average daily level
Average daily level change

267.2 m
+0.01 m

267.2 m
−0.02 m

253.5 m
−0.35 m

246.5 m
+0.15 m

Cumulative deformation value −7 mm −0.7 mm +14.8 mm −26.6 mm
Daily deformation rate −0.19 mm −0.01 mm +0.18 mm −0.13 mm

4.3. Prediction of Deformation Based on Reservoir Water Level Data

The Xiaolangdi Dam is subject to periodic deformation owing to changes in the
upstream reservoir level. The storage level and deformation showed a strong correlation.

In this study, data from in situ measurements were only available at the typical point
P, and the monitoring period was short and irregular. In contrast, the InSAR deformation
model has a large amount of data and a higher accuracy, which was verified by the data at
the typical point P.

The time span of the InSAR data used in the time series deformation model was six
years, with a total of 173 periods of deformation data and a total of 2386 points for each
period of InSAR deformation data. After all data were interpolated, a total of 181 data
periods were obtained, with an interval of 12 d between two data periods. Each InSAR
deformation period corresponds to twelve days of daily reservoir level data.

The InSAR-LSTM deformation prediction model was built by taking the daily reservoir
level data as input and the InSAR model deformation data as output. The data were divided
into a training set and prediction set according to the time series, and the division results
are shown in Table 2. The hyperparameter steps were applied in the model to combine the
data, and after some debugging, the best step parameter was determined to be 2, which
means that every two sets of two periods of connected data were combined, and the final
ratio of the training set and the prediction set obtained was 164:13.

Table 2. Distribution of training and prediction sets in the total data and their time spans.

Number Start Date End Date

Training set 166/164 31 March 2017 25 September 2022
Prediction set 15/13 7 October 2022 28 February 2023

The LSTM model produced thirteen sets of predictions; Figure 15a shows the first
period of data for the predicted results, which is the cumulative deformation data for the
dam on 7 October 2022. Figure 15c shows the errors of the InSAR deformation data y
and the prediction data ypred, which are shown in Figure 15b. The error calculation index
is MAE, which is calculated as in Equation (4); the relative error is still concentrated at
10 percent or less, and only some of the points of the absolute error reach 24 mm.

R =
∑(x− x)(x = y− y)√

∑(x− x)2(y− y)2
(3)

MAE =
1
n

n

∑
i=1

∣∣∣yi − yi
pred

∣∣∣ (4)

MSE =
1
n

n

∑
i=1

(
yi − yi

pred

)2
(5)

RMSE =

√
1
n

n

∑
i=1

(
yi − yi

pred

)2
(6)
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At the typical point P, the comparison between the InSAR deformation data and the
prediction data is shown in Figure 15d. There are thirteen periods of data for point P. The
final cumulative deformation values for the InSAR deformation data and the predicted
deformation data were −106.8 mm and −103 mm, respectively, and the relative accuracies
were 96.4%. We used MAE, MSE, RMSE, and R as indicators for evaluating the overall
prediction accuracy, which are calculated as shown in Equations (3)–(6). The calculation
results are shown in Table 3.
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point of view, but it does not take into account the real physical meaning of the numeri-
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Figure 15. (a) Prediction results deformation data. (b) InSAR model deformation data. (c) Error
distribution of the MAE in the prediction results. The results of the remaining twelve forecasts are
presented in the Supplementary document. (d) Comparison of deformation data and predicted
results at point P.

Table 3. Accuracy evaluation for four deformation prediction models.

MAE MSE RMSE R

ANN 3.67 19.51 4.41 −0.56
RNN 4.56 25.93 5.09 0.72
LSTM 1.49 3.95 1.98 0.80

LSTM-Tem 1.37 3.45 1.85 0.83

4.4. Multimodel Comparison and Parameter Optimization

In Figure 16a, the prediction data of the ANN, RNN, and LSTM models are compared
with the InSAR deformation data, and the accuracy evaluation indexes of each model are
shown in Table 3. It can be seen that the LSTM model had the highest prediction accuracy
and the ANN model had the lowest prediction accuracy, which proves that the LSTM
model is more suitable for deformation prediction in this study.

At present, researchers studying dam deformation commonly use the rheological
deformation model, which is a real physical model. This approach requires a large num-
ber of dam-related parameters and a high level of professionalism on the part of the
researcher [58].
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The LSTM model is a mathematical model that can be modeled from a numerical point
of view, but it does not take into account the real physical meaning of the numerical values
in the calculation. In addition to hydrostatic pressure, environmental parameters such as
temperature also have an effect on the deformation of the dam. We optimized the LSTM
deformation prediction model using daily average temperature data.

Figure 16b shows the predicted data using the model with the added parameters
compared to the data without the added parameters, and a comparison of the accuracy
of the two sets of predicted and deformed data is shown in Table 3. From the accuracy
index in the table, it can be seen that adding the temperature environment parameter to
the LSTM deformation prediction model can make the prediction more closely match the
deformation data.

5. Discussion

The main body of the dam sinks under the influence of its own gravity. In the case of a
rockfill dam, which is constructed of rocks and sediment, the water stored in the reservoir
percolates from upstream to downstream, creating a seepage field. The seepage field exerts
uplift pressure on the bottom of the dam, which is equivalent to reducing the gravity of the
dam. In addition, the reservoir impoundment exerts hydrostatic pressure on the contact
surface between the dam and the water, and the dam will slowly move downstream, with
a change in hydrostatic pressure and a change in the trend of movement.

The relationship between on-site measurement displacement and storage level in the
three directions of the typical point P is shown in Figure 17a. The amount of displacement
of point P to the left and right along the axis of the dam was relatively small and showed
slow growth. In the downstream direction of the dam, the magnitude of the displacement
was basically synchronized with the rise and fall of the storage level, but there was still a
delay of about 20 days. In the vertical direction of the dam, an accelerated subsidence of
point P occurred each year after the water level fell since the uplift pressure was reduced
and slowly continued as the water level began to rise to its highest point. Compared with
the vertical settlement, the displacement along the flow direction of the dam contributed
to a larger part in the projection process. Therefore, in the process of moving away from
the satellite platform, the dam shows a small rebound trend with a decrease in the storage
water level, but the overall trend is away from the satellite platform.

From the perspective of this study’s findings, if we want to reduce the deformation of
the dam, we should try to avoid storing the reservoir at the highest level for a long period
of time in order to mitigate the movement of the dam downstream, restore the water after
the reservoir storage level decreases, use the uplift pressure to mitigate the effect of gravity
on the settlement of the dam, and avoid the prolonged operation of the reservoir at a low
water level.
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The annual cumulative deformation value of point P in 2021 reached −25.9 mm,
which is the maximum value of annual deformation in the whole monitored cycle. We
made adjustments to the actual storage level in 2021 as described above, and Figure 15b
shows a comparison of the simulated storage with the real storage level data after the
optimization was performed. We used the optimized storage level experimental data as
input into the deformation prediction model, and the results are shown in Figure 17c.
At each of the 29 points shown in the figure, the average deformation weakening value
was 4.9 mm. The final cumulative annual deformation value was −16.4 mm, which is an
effective deformation reduction of about 37%.

The Xiaolangdi Water Conservancy Hub is a large-scale water conservancy facility,
and effective reservoir storage management can extend the service life of the dam, and any
changes to the reservoir level management program must be carefully considered before
they are put into practice. In general, reservoir managers should follow a multifactorial
approach to determine the reservoir’s storage level scheduling program, such as using
actual river flow and weather data. When the weather is bad and the reservoir needs to
be kept in operation at an extreme storage level, the model can also be used in advance to
predict possible pitfalls and determine countermeasures.

6. Conclusions

The Xiaolangdi Dam was constructed more than 20 years ago, and the main body of
the dam underwent deformation during 2017–2023, which was investigated in this study.
A time series deformation model of the main body of the Xiaolangdi Dam was established
using InSAR technology, which can accurately reflect the overall deformation information
of the dam after verification using the measured data. By combining the ground truth data,
the InSAR time series deformation model, and the LSTM deformation prediction model,
we can conclude the following:

1. The InSAR deformation model shows that there is a gradual weakening in the defor-
mation trend of the dam from the center to the sides and from the top to the bottom.
Throughout the 6-year deformation cycle, although there were differences in the
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deformation trends in different parts of the dam, each region was excessively smooth.
The 6-year cumulative deformation in the middle part of the dam near the upstream
reached -155 mm, which is within the safe range for large rockfill dams.

2. The Xiaolangdi Dam continuously deforms. The satellite platform can continuously
and periodically acquire InSAR image data, which helps monitor the overall deforma-
tion of the dam over a long period of time and allows more deformation information
to be obtained. Theoretically, the combination of InSAR technology and the LSTM
model can predict the effects of different storage level planning schemes on the dam
and can then adjust storage level planning schemes in a targeted manner, attenuating
dam deformation and preventing the risk of possible larger deformations.

3. Owing to the inherent limitations of the satellite platform, ground-based measurement
data are also required to verify the reliability of the deformation and prediction models.
In the future, the launch of satellites with shorter revisit periods and higher resolutions
could enable better monitoring of surface deformation. The specific mechanism by
which hydrostatic pressure affects the structural stability of dams has not been studied
in depth in this work, and this could be the subject of future research.
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