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Abstract: Hydraulic structures are the key national infrastructures, whose safety and stability are
crucial for socio-economic development. Global Navigation Satellite System (GNSS) technology, as a
high-precision deformation monitoring method, is of great significance for the safety and stability of
hydraulic structures. However, the GNSS time series exhibits characteristics such as high nonlinearity,
spatiotemporal correlation, and noise interference, making it difficult to model for prediction. The
Neural Networks (CNN) model has strong feature extraction capabilities and translation invariance.
However, it remains sensitive to changes in the scale and position of the target and requires large
amounts of data. The Gated Recurrent Units (GRU) model could improve the training effectiveness by
introducing gate mechanisms, but its ability to model long-term dependencies is limited. This study
proposes a combined model, using CNN to extract spatial features and GRU to capture temporal
information, to achieve an accurate prediction. The experiment shows that the proposed CNN-GRU
model has a better performance, with an improvement of approximately 45%, demonstrating higher
accuracy and reliability in predictions for GNSS deformation monitoring. This provides a new
feasible solution for the safety monitoring and early warning of hydraulic structures.

Keywords: CNN; GRU; GNSS deformation monitoring; hydraulic engineering; forecast

1. Introduction

The accelerated progress of global climate change and urbanization makes hydraulic
infrastructures increasingly prominent. The hydraulic structures are of paramount impor-
tance in safeguarding the safety of people’s lives and properties and promoting sustainable
economic and social development [1-3]. However, there may be various challenges during
their long-term operation, such as geological disasters, land subsidence, and structural
deformation. Untimely monitoring and ineffective prediction may lead to serious safety
accidents and economic losses.

Many approaches are applied for the monitoring and prediction of hydraulic struc-
tures. The traditional approaches rely on engineering surveys [4,5] and geological in-
vestigations [6,7]. However, these approaches are limited by their restricted monitoring
range and complex processing workflows, making them inadequate for meeting the needs
of hydraulic structures [8]. As an all-weather and full-automation piece of technology,
GNSS introduces an innovative approach to the deformation monitoring of hydraulic
structures [9,10]. It provides real-time and high-precision deformations, facilitating ef-
fective analysis and predictions. However, the complex environment around hydraulic
structures leads to measurement errors, such as atmospheric delays [11-13] and multipath
effects [14-17]. These errors are difficult to process, which adds obstacles to the prediction
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of GNSS deformation monitoring. The prediction model necessitates the capability to
handle the unmodeled factors and observation noise.

A Kalman filter is a Bayesian-based minimum mean-square estimation method, which
lies in adding state constraints to the observation equations, thereby constructing reliable
function models and stochastic models [18-20]. However, it is difficult to handle state
equations and system errors in complex environments. The grey model is suitable for
analyzing and modeling short GNSS time series with limited datasets and incomplete
information [21-23]. Nevertheless, it is only suitable for short-term and exponential growth
predictions. The Autoregressive Integrated Moving Average (ARIMA) model extracts time
series for prediction through the autocorrelation and difference of the dataset [24-26], but
it requires the dataset to be stable, essentially capturing linear relationships. The Multiple
regression analysis (MRA) model quantitatively describes a dependent variable’s linear
dependence on multiple independent variables, offering simplicity, high precision, and
wide applicability [27-29]. However, it suffers from multicollinearity issues, lacks causal
inference capability, and makes assumptions about error terms. The genetic algorithms
are inspired by natural evolution theory, dealing with problems lacking mathematical
expressions [30-32]. However, it requires special definitions and cannot guarantee the
quality of solutions.

Methods based on deep learning are popular for deformation prediction, which is
also applied to the chaotic time series prediction [33,34]. The deep learning methods have
powerful feature extraction and recognition capabilities, enabling accurate predictions by
learning representations from GNSS time series. The CNN model and Recurrent Neural
Networks (RNN) have been applied in the fields of image processing and sequence mod-
eling. Meanwhile, the GRU model represents an improved model of the RNN, adept at
capturing long-term dependencies in the dataset [35]. Previous studies have applied CNN
for GNSS residual processing [36] and classification [37], GRU for landslide prediction [38]
and multipath modeling [39], as well as CNN-GRU for forecasting wind power [40], partic-
ulate matter concentrations [41], and the pressure of a concrete dam [42]. The CNN-GRU
model integrates the characteristics of CNN and GRU, which has better a performance in
predictions of GNSS deformation monitoring.

This study proposes to apply the CNN-GRU model for the GNSS deformation moni-
toring prediction of hydraulic structures. The CNN model extracts relevant spatial features,
further enhancing prediction accuracy, while the GRU model utilizes past datasets to
predict future trends. The experiment proves that the CNN-GRU model has a better perfor-
mance than the CNN and GRU model, with an improvement of about 45%. The proposed
method provides a new idea for hydraulic safety management.

The rest of this paper is organized as follows: Section 2 introduces the principles,
processes, and details of the methods used in this study. Section 3 validates the effectiveness
and superiority of the proposed methods through experiments. Section 4 summarizes the
rationality, superiority, and possible issues of the proposed methods. Finally, Section 5
concludes the entire paper, providing analysis and conclusions.

2. Method

The proposed method utilizes a comprehensive approach for the prediction of GNSS
deformation monitoring in hydraulic structures. It offers a novel framework for feature
extraction and long-term sequence modeling, enabling accurate and proactive deformation
prediction within hydraulic structures. The workflow integrates the CNN and GRU models
to capture spatial-temporal patterns and dependencies, which are presented in Figure 1.
The proposed method combines the feature extraction capability of CNN with the temporal
modeling ability of GRU, which effectively captures spatial and temporal features in GNSS
time series.
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Figure 1. The flowcharts of the CNN-GRU model.

The steps of the proposed method are as follows:

(1) Data Preprocessing: firstly, normalize the input data.

(2) Convolutional Feature Extraction: CNN is employed to extract spatial features from
the input data. Typically composed of convolutional layers and pooling layers, CNN
performs feature extraction through convolutional operations and reduces the size of
feature maps via pooling operations.

(3) Modeling for GNSS time series: the convolutional features extracted by CNN are
inputted into GRU for modeling. Through the update gates and reset gates of GRU,
the flow of information is controlled, enabling the network to better capture long-term
dependencies within sequences.

(4) Prediction and Evaluation: the output of GRU is connected to the fully connected
layer of CNN to accomplish specific tasks.

The entire CNN-GRU model is trained using labeled data and optimized via a back-
propagation algorithm to better fit the training data and generalize new data. The trained
model is evaluated using a validation set or test set to assess its performance on unseen
data. Various metrics such as accuracy, precision, and recall are utilized to evaluate the
model’s performance.

2.1. Convolutional Feature Extraction

The CNN model is to extract features from input GNSS time series through convolu-
tion and pooling processes, and then combine and classify them through multiple layers
of neural networks. The CNN model typically consists of multiple layers, including con-
volutional layers, pooling layers, and fully connected layers. This section consists of a
convolutional layer and a pooling layer.

The convolutional layer extracts characteristics from input time series through the
convolutional process. By sliding the convolutional kernel over the input, it effectively
captures local features from different positions, thus comprehensively representing the
spatial structure information of the input. Its formula is as follows:

I+1 _ ol 1
a;"h = ReLU()_,_, K} ra; + by) (1)

where [/ is the number of layers, aé“ is the jth characteristic of the [ + 1 layer, K is the

convolutional kernel, b is the bias, 1 < f < F ! F! is the characteristic number of layer, and
ReLU() is the activation function. The convolutional layer generates multiple feature maps
using multiple convolutional kernels. Each feature map represents distinct features within
the input GNSS time series, while the same convolutional kernel uses the same weights at
different positions.

The pooling layer downsamples the feature maps of the convolutional layer, thereby
reducing their size and subsequently lowering the computational complexity of the model.
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The proposed method employs the max-pooling function to downsample the feature maps,
as shown in the following formula:
141

X = max_y (xf+k) (2)

where xﬁ“ is the ith neuron of the I 4+ 1 layer, xf K is the i + k neuron of the I layer,
and 1 < k < r, r is the size of the pooling layer. The max-pooling function reduces
the dimensionality of the dataset in the preceding layer by retaining the most significant
features. Additionally, the pooling layer alleviates overfitting issues and enhances the
generalization ability of the proposed model.

2.2. Modeling for GNSS Time Series

The convolutional features extracted by CNN are inputted into GRU for modeling.
Similar to the Long Short-Term Memory (LSTM) model, the GRU model is an evolution
of the RNN model, aimed at addressing the issues of vanishing gradients and long-term
dependencies inherent in the traditional RNN model.

The GRU model includes an update gate and reset gate, while the LSTM model
consists of a forget gate, input gate, and output gate. Due to that, the GRU model has fewer
parameters with a simpler structure. This facilitates easier convergence during training
for the GRU model and enhances its generalization performance on smaller datasets. As
shown in Figure 1, the update gate is to update the dataset, while the reset gate is to reset
the dataset. The formula of the update gate is as follows:

z = sigm(Wyzxe + Wi hi—q) (3)

where z; is the update gate, sigm() is the sigmoid function, x; is the input dataset and
Wy, denotes its weight matrix, h;_; is the hidden status of the prevent epoch, and W,
denotes its weight matrix. The update gate determines the information from the previous
epoch that needs to be passed on to the future. This mechanism is highly potent as it
decides whether to retain all information from the past, thereby mitigating the risk of
gradient vanishing.

The reset gate serves a specific function, deciding the criteria for filtering previous
state information, which effectively captures short-term dependencies in the dataset after
the CNN method. The formula of the reset gate is as follows:

re = sigm(Waxe + Wy, hy—1) (4)

where r; is the reset gate, Wy, denotes its weight matrix of x;, and Wy, denotes its weight
matrix of i;_1. The reset gate influences the model’s retention of historical information. If
the value of the reset gate is close to 0, the model will ignore the previous hidden state.

The GRU model is a forward-propagating neural network, and a memory unit is
designed to store the information from the past epochs. Based on Formulas (3) and (4), the
memory unit is shown in Formula (5).

ct = tanh[Wyext + 1 ©Wychy_] ®)

where c; is the current memory unit, Wy, denotes the weight matrix of x; in the hidden
state 1y, Wy, denotes the weight matrix of h;_q in the hidden state /;, and © denotes the
Hadamard product. Based on the above, the final memory unit of the current epoch is
shown in Formula (6).

hy = (1721})@]’11‘_1 +zr ©ct (6)

where F; is the final memory unit, which stores the current information and sends it to the
next epoch.
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2.3. Prediction and Evaluation

The output of GRU is connected to the fully connected layer of CNN to accomplish
specific tasks. The fully connected layer integrates features extracted from convolutional
and pooling layers and maps them to the GRU model. In this layer, features extracted
by convolution and pooling layers are flattened and connected to a fully connected layer,
which ultimately outputs the prediction results. The mathematical representation of the
fully connected layer is as follows

a = a(zl> = U(Klalfl + bl> (7)

where [ is the number of layers, a’ is the output layer, a'~! is the output of the previous layer,
K is the convolutional kernel, b is the bias, and ¢( ) is the activation function. The fully
connected layer integrates features from the GRU model, which has better performance in
the prediction of GNSS time series.

The entire CNN-GRU model is trained using a labeled dataset and optimized via a
backpropagation algorithm to better fit the training data and generalize to a new dataset.
The trained model is evaluated using a validation set or test set to assess its performance on
unseen data. The proposed method sets the Mean Squared Error (MSE) as the evaluation,
for which the formula is as follows:

1 2
MSE — %2?1:1 (]/fmd . ]/EESt) (8)

where m is the length of the GNSS time series, yf " denotes the ith element of the prediction,
and ! denotes the corresponding observation.

The CNN-GRU model offers a powerful combination of multi-level feature extraction
capabilities from CNN and the ability to capture long-term dependencies in sequential data
through GRU. By integrating CNN for spatial feature extraction and GRU for modeling, the
proposed method achieves strong adaptability, parameter-sharing benefits, and end-to-end
training efficiency, making it highly effective for GNSS time series prediction.

3. Experiment

The experiment was conducted at Sanhe Sluice of Hongze Lake, Jiangsu, China, for
which the configure parameters are as shown in Table 1. The monitoring site and the
refer-ence site are shown in Figure 2.

Table 1. The configure parameters of the feasibility experiment.

Configure Parameter
The experiment period 10 September 2023-29 March 2024
GNSS systems BDS(B1I, B2I), Galileo(E1B/C, E5b),GPS(L1C/ A, L2C)
Sampling frequency 1Hz
Ambiguity resolution method MLAMBDA
Multipath error model Stellar day filter in observational domain
Troposphere method Saastamoinen Model + Random Walk
Ionosphere method Broadcast model
Intervals of outputs 1h
Smoothing filter method Rauch-Tung-Striebel Smoother Filtering Method

This study validates the effectiveness of the proposed method using a North (N)-
direction time series as an example. We use 80% of the time series as the training set and
the remaining 20% as the validation set. A 24 h extrapolation is provided at the end for
prediction. The partition of the GNSS time series is shown in Figure 3.
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(b)

Figure 2. (a) The monitoring station installed on the dam; (b) The base station installed on the roof of

a building.

10 — Test dataset
—— Training dataset
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Figure 3. Test dataset and training dataset of GNSS time series.

Figure 3 illustrates the displacement in the North direction over time, comprising a
total of about 4700 h. The training dataset exhibits noise and displacement over approx-
imately 3700 h, whereas the test dataset displays fewer outliers over about 930 h. This
partitioning strategy aims to assess the prediction accuracy of the proposed CNN-GRU
method in the presence of noise and displacement. This figure serves as a visual rep-
resentation of the dataset’s temporal characteristics and the delineation of training and
validation subsets, essential for robust model development and evaluation in time series
analysis tasks.

In Figure 4, the change in the loss function during the training of the CNN-GRU
model before and after data normalization is illustrated. Mean Squared Error (MSE) is
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selected as the loss function, which is the most commonly used evaluation metric for neural
networks in regression problems. As depicted in the figure, before data normalization,
both the training and testing sets exhibit large loss function values, slow convergence,
and post-convergence oscillations. However, after data normalization, the loss function
values for both sets decrease by two orders of magnitude, with faster convergence and no
post-convergence oscillations observed. Additionally, the consistency between the training
and testing sets is improved after convergence. In summary, data normalization plays a
crucial role in enhancing the performance of the CNN-GRU neural network.

0.16 —— Training Loss (Before Normalization) 0.0030
owa Validation Loss (Before Normalization)
= ' Training Loss (After Normalization) 0-0025,8
'% 0.12 Validation Loss (After Normalization) 8
§ 0.0020 §
g0.10 =
£ g
S
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£
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§ 0.04 E
/\/\ 0.0005
0.02 SPAVAVIANP A U VA
000 LN TN TN TN L N N N A P S L O 00000
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Figure 4. The change in the loss function before and after data normalization.

To validate the performance of the proposed CNN-GRU method, the experimental
section of this paper is divided into three parts. The first part consists of experiments on
individual CNN and GRU models, aimed at analyzing the shortcomings of individual
models. The second part is the experimental verification of the CNN-GRU model proposed
in this paper, highlighting the advantages of the proposed model. The third part involves
parameter-tuning experiments for the CNN-GRU model.

3.1. The Experiment for the Dividual Model

The first experiment aimed to analyze and validate the individual cases of the CNN
model and GRU model. The CNN model and GRU model are conducted separately
using the aforementioned data. The loss function of the CNN modeling is shown in the
following Figure 5. The loss function is typically used to measure the difference between
the model’s predictions and observations, serving as the objective to be minimized during
optimization. To validate the performance of the neural network, 50 training epochs were
used for iterative training in the experiments. The loss function is the MSE parameter in
Equation (8).

As for the CNN model, the change in the loss function graph is used to describe the
variation of loss values during the model training process. During training, the change in
the loss function graph reflects the trend of loss values across different epochs. In Figure 5,
the loss function of the CNN sharply decreases from the 1st to the 5th epoch, and then
gradually stabilizes from the 6th to the 10th iteration. Between the 10th and 50th epoch,
the change in the loss function is extremely small, indicating that the model gradually fits
the training dataset better. The CNN model typically requires approximately 10 training
epochs to achieve consistency between the training dataset and the test dataset.
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Figure 5. The loss function diagram of the CNN model.

Figure 6 presents the variation curve of the observations and predictions in the test
dataset and the extrapolated predictions over 24 h in the CNN model. Overall, there
is good consistency between the observations and predictions in the test dataset, with
fewer outliers and smoother curves in the predictions. In the interval around the 870th
hour, the predictions have fewer and smaller abnormal fluctuations, demonstrating the
superiority of the CNN model in GNSS time series modeling and predictions. However, the
predictions have a systematic upward deviation relative to the observations, approximately
0.04 mm, which has a minimal impact on GNSS positioning. Additionally, the extrapolated
predictions of the CNN model have the same trend as the observation, but there is a
significant discrepancy between the predictions and observations in the extrapolated
predictions over 24 h.

—— Observation
1.6 | —— Prediction

—— Prediction over 24 hours

N/mm

0 200 400 600 800
Time/hour

Figure 6. The time series diagram of the CNN model.

The above experiment shows the strengths and weaknesses of the CNN model. The
change in Figure 7 is used to describe the variation in the loss values of the GRU model.
The loss function of the GRU sharply decreases from the 1st to the 4th epoch, and then
gradually stabilizes from the 5th to the 12th iteration. Between the 13th and 50th epoch,
the change in the loss function is extremely small, indicating that the model gradually fits
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the training dataset better. The GRU model typically requires approximately 12 training
epochs to achieve consistency between the training dataset and the test dataset.

x1072
5
—— Loss
—— Val loss
al _
g3
k3!
=]
2
g22r
|
| L
O i 1 1 1 1 1 1
0 10 20 30 40 50

Epochs

Figure 7. The loss function diagram of the GRU model.

Similar to Figure 5, Figure 8 presents the variation curve of the observations and
predictions of the GRU model. The predictions have good consistency with the observations
in the test dataset. However, there are still some areas of obvious inconsistency between
the two, such as around the 80th hour and the 700th hour. In the interval around the 870th
hour, the predictions have fewer and smaller outliers of about 0.08 mm, demonstrating the
superiority of the GRU model in GNSS time series modeling and predictions. However,
in the extrapolated predictions over 24 h, there is a significant discrepancy between the
predictions and observations, with a maximum error of approximately 0.2 mm. This
suggests that while the GRU model can be applied to time series predictions in GNSS
deformation monitoring, there are still some shortcomings in extrapolation predictions.

—— Observation
1.6 - —— Prediction

—— Prediction over 24 hours

N/mm

0 200 400 600 800
Time/hour

Figure 8. The time series diagram of the GRU model.

3.2. The Experiment for the CNN-GRU Model

The experiment in Section 3.1 analyzes the advantages and disadvantages of the CNN
model and the GRU model separately. And this section will analyze the proposed CNN-
GRU model. For comparison, the CNN-GRU model uses the same parameters as the CNN
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and GRU models. The above experiment selects the adaptive moment estimation (Adam)
optimizer for the CNN and GRU models. This section will analyze the performance of
different optimizers of the proposed CNN-GRU model.

The comparative evaluation of Adam, stochastic gradient descent (SGD), and Root
Mean Square Propagation (RMSProp) optimizers are presented in Figure 9. The radar
diagram, including the mean absolute percentage error (MAPE), root mean square error
(RMSE), mean absolute error (MAE), R?, and validation loss, provides a comprehensive
analysis of the performance of different optimizers. The average values from 10 training
epochs are used as evaluation metrics. It is evident that the Adam optimizer has the
best fitting with the largest R? and the smallest MAE, RMSE, and Validation Loss. The
SGD optimizer has a slightly inferior performance than the Adam optimizer. And the
RMSProp optimizer shows the worst-fitting performance. As for the MAPE, the differences
among the three optimizers are negligible. In general, the Adam optimizer has the best
performance for the prediction of GNSS deformation monitoring. The subsequent sections
will take the Adam optimizer as an example for the CNN-GRU model.

RMSE
—— Adam
MA SGD
—— RMSprop
Validation Loss
R2
MAPE

Figure 9. The Radar diagram for comparing different optimizers.

The above experiment shows the strengths and weaknesses of the CNN model and
the GRU model. The change in Figure 10 is used to describe the variation of loss values
of the proposed CNN-GRU model. The loss function of the CNN-GRU model sharply
decreases from the 1st to the 4th epoch, and then gradually stabilizes from the 5th to the
21st iteration. Between the 22nd and 50th epoch, the change in the loss function is extremely
small, indicating that the model gradually fits the training dataset better. The GRU model
typically requires approximately 22 training epochs to achieve consistency between the
training dataset and the test dataset.

Figure 11 presents the variation curve of the observations and predictions of the
proposed CNN-GRU model. The predictions have good consistency with the observations
in the test dataset. In contrast with Figures 6 and 8, the predictions in Figure 11 have a better
performance of consistency and smoothness than the CNN model and the GRU model.
However, there are still some areas of obvious inconsistency between the two, such as
around the 200th hour and around the 820th hour. In the interval around the 870th hour, the
predictions have fewer and smaller outliers. Additionally, the extrapolated predictions of
the CNN-GRU model are better than the CNN and GRU model, which is almost consistent
with the observations. Figure 11 demonstrates the superiority of the proposed CNN-GRU
model in GNSS time series modeling and predictions.
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Figure 10. The loss function diagram of the CNN-GRU model.
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Figure 11. The time series diagram of the CNN-GRU model.

3.3. The Experiment for Comparison

The above experiments provide a visual comparison of the CNN model, the GRU
model, and the proposed CNN-GRU model. More details will be provided in the follow-
ing experiment.

Figures 6, 8 and 11 indicate that these three models have good consistency with
the actual observations. Figure 12 has a similar conclusion, with the CNN-GRU model
performing the best, followed by the GRU model, and the CNN model performing the
worst. In terms of the R? comparison, the CNN-GRU model has the best performance, with
little difference from the other two models. NSE (Nash-Sutcliffe Efficiency) is a metric used
to evaluate the matching degree between predictions and observations in hydrological
models, which is used to assess the consistency between predictions and observations in
GNSS deformation monitoring for hydraulic structures. The CNN-GRU model has the
best performance, while the CNN model has the worst performance. Similar to NSE, the
CNN-GRU model significantly outperforms the CNN and GRU models in terms of the
RMSE. In addition, the proposed method has an improvement of about 45% compared with
the CNN model. In summary, the proposed CNN-GRU model combines the advantages of
CNN and GRU, resulting in a better predictive performance.
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Figure 12. The comparison of the heatmap (the left is the CNN model, the middle is the GRU model,
and the right is the CNN-GRU model).

Figure 13 shows the comparison of the residual between the three models. The CNN
model has the worst performance, with a maximum residual of about 1.2 mm. The GRU
model has a better performance, with a maximum residual of about 1.2 mm. And it has
fewer outliers. Furthermore, the proposed CNN-GRU model has the best performance,
with a maximum residual of about 1.19 mm. And it has smaller median residuals. This
proves that the proposed CNN-GRU model has a better applicability in GNSS deformation
monitoring for hydraulic structures.

o
o

Residuals/mm

<
»

o
)

0.0 1

CNN GRU CNN-GRU

Figure 13. Box diagram of the residuals.

For further comparison, Figure 14 compares the error statistics of the CNN model,
the GRU model method, and the proposed CNN-GRU model. The left panel displays the
error distribution and curve fitting of the CNN model, with errors mainly concentrated in
the (—0.4, 1.4) range and a central value of approximately 0.7 mm for the fitted curve. The
middle is for the GRU model, with errors mainly concentrated in the (—0.3, 1.4) range and
a central value of approximately 0.7 mm for the fitted curve. The right is for the CNN-GRU
model, with errors primarily distributed in the (—0.2, 1.2) range and a central value of
about 0.7 mm for the fitted curve. In general, the proposed method, by combining the CNN
model and the GRU model, achieves a better prediction performance.

The above experiment demonstrates the feasibility of the proposed CNN-GRU method.
This section presents a comparison between the proposed method and the Extended Kalman
Filter (EKF). The experiment was also conducted at Sanhe Sluice, with another monitoring
point illustrated in Figure 15. The experimental period was from 10 September 2023 to
24 April 2024 and other configure parameters are the same as the above experiment.
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Figure 14. The error histogram (the left is the CNN model, the middle is the GRU model, and the
right is the CNN-GRU model).

Figure 15. Another monitoring site used for comparative experiment.

Table 2 illustrates the performance metrics for both the EKF and the proposed CNN-
GRU method. A comprehensive evaluation indicates significant improvements across all
metrics with the CNN-GRU method compared to the EKF, showcasing its superior accuracy
and reliability in GNSS deformation monitoring for hydraulic structures. Specifically, in
comparison to the EKF, the adoption of the CNN-GRU method results in a remarkable
92.41% reduction in the MSE, a notable 72.44% decrease in the RMSE, a substantial 76.29%
decrease in the MAE, and a noteworthy 8.02% increase in the coefficient of the deter-
mination of R?. In summary, the CNN-GRU method demonstrates clear advantages in
geophysical process analysis, offering more precise and dependable outcomes for geological
structure analysis.

Table 2. The comparison of the CNN-GRU and EKF.

MSE (mm) RMSE (mm) MAE (mm) R?

EKF 0.1646 0.4057 0.3236 0.9037
CNN-GRU 0.0125 0.1118 0.0767 0.9920
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Figure 16 illustrates a comparative analysis between the CNN-GRU and EKF method-
ologies, focusing on both the test dataset and a 24 h extrapolation scenario. The figure
comprises a time series plot and an error scatter plot. In the time series plot, the CNN-GRU
method demonstrates closer adherence to the original observations from the test dataset,
while the EKF method exhibits more frequent fluctuations throughout the process. This
observation is further supported by the error scatter plot, which indicates the superior
performance of the CNN-GRU approach over EKF. Specifically, around the 240th hour, EKF
presents prediction errors of approximately 1 mm, whereas CNN-GRU maintains a more
consistent behavior with fewer and less pronounced deviations over the entire interval,
reaching a maximum of about 0.8 mm. Overall, the CNN-GRU methodology outperforms
EKE, delivering predictions characterized by higher accuracy and stability.
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Figure 16. The prediction diagram of the CNN-GRU and EKF method.

4. Discussion

Compared to the traditional EKF method, CNN-GRU demonstrates significant ad-
vantages in GNSS deformation monitoring. These are primarily manifested in its superior
capability for nonlinear modeling, stronger spatiotemporal correlation, enhanced data rep-
resentation and learning, as well as higher prediction accuracy and reliability. By effectively
capturing the nonlinear relationships and spatiotemporal correlations within the data, the
CNN-GRU method can provide more precise and reliable predictions for deformation
monitoring, thus ensuring greater safety and stability in hydraulic engineering projects.
The experiment shows that the CNN-GRU method has about 76% improvement against
the EKF method.

The CNN model extracts features from the GNSS time series by stacking convolutional
layers, pooling layers, and fully connected layers, gradually combining these features for
prediction. It has strong feature extraction capabilities and translation invariance. However,
it remains sensitive to changes in the scale and position of the target and requires large
amounts of data. This study carries on experiments with only the ReLU activation function
and the Adam optimizer. In the future, more activation functions and optimizers will be
tested to accelerate the model convergence and improve its performance.

The GRU model improves the training effectiveness by introducing gate mechanisms
to address issues like gradient vanishing and exploding in traditional RNN models. How-
ever, its ability to model long-term dependencies is limited, and it does not fully exploit the
information in the middle part of the GNSS time series. Introducing attention mechanisms
in the future will enable the model to better focus on important parts of the GNSS time
series, enhancing its ability to handle information in the middle of the GNSS time series.
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The proposed CNN-GRU model utilizes the CNN model to extract features from the
GNSS time series and the GRU model to capture long-term dependencies, achieving better
performances in modeling. It implements hierarchical feature learning, effectively extract-
ing features from GNSS time series and capturing long-term dependencies, thus enhancing
the model’s ability for GNSS time series. The proposed method has four advantages:

(1) The proposed method comprehensively utilizes spatial and temporal features, en-
abling a more thorough analysis of the data;

(2) The proposed method reduces information loss and enhances model performance;

(38) The proposed method can more accurately capture spatial and temporal features of
the data, thereby improving prediction accuracy;

(4) The proposed method combines the advantages of both models, enabling better
balance between model complexity and generalization ability, thus reducing the risk
of overfitting.

However, parameter tuning is complex, and training is time-consuming. In the future,
structural optimization and attention mechanisms will be introduced to enable the model
to better focus on important parts of the GNSS time series, improving model performance.

5. Conclusions

In this study, we proposed a novel application of the CNN-GRU model for GNSS
deformation monitoring. Our objective is to leverage the capabilities of deep learning
in capturing complex spatiotemporal patterns inherent in GNSS time series to enhance
modeling and prediction in hydraulic structures. Through comprehensive analysis and
experimentation, we demonstrated the effectiveness of the CNN-GRU model in model-
ing and prediction for GNSS time series. The CNN model efficiently extracted features,
capturing localized deformations and spatial dependencies. Meanwhile, the GRU model ef-
fectively models the temporal dynamics and long-term dependencies, enabling the accurate
prediction of future deformations.

Our results indicated that the CNN-GRU model outperformed traditional methods
with about 45% improvement. By jointly leveraging convolutional and recurrent archi-
tectures, the proposed model achieved superior performance in capturing both spatial
and temporal characteristics of deformation patterns, thereby enhancing the accuracy and
reliability of deformation prediction in hydraulic applications.

Overall, this study demonstrates the potential of deep learning approaches, particu-
larly the CNN-GRU model, in advancing GNSS deformation monitoring and prediction
capabilities in GNSS deformation monitoring for hydraulic structures. By effectively in-
tegrating spatial and temporal information, this approach offers a promising avenue for
improving the efficiency, accuracy, and reliability of deformation monitoring systems,
ultimately contributing to the safety and sustainability of a hydraulic infrastructure.
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