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Abstract: Studying the variation law of water and sediment fluxes in the Yellow River is of great significance for
environmental protection, adaptation to climate change and improvement of the quality of life of residents in the Yellow
River Basin. this paper established a cubic spline interpolation model to supplement the missing sediment content data.
By using the known data and interpolation data for plotting, it was found that the interpolation effect was good.
Subsequently, the total drainage volume and total sediment discharge volume from 2016 to 2021 were calculated
respectively using the interpolation data. In order to further study the variability of water and sediment content, this
paper adopts the Mann-Kendall non-parametric test method to analyze the variability of water and sediment flux,
revealing its inherent law. Through specific data analysis, the important role of sand regulation and water control in
ensuring the ecological health of the Yellow River has been further demonstrated.
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1 INTRODUCTION

The Yellow River plays a pivotal role in shaping the ecological and socioeconomic fabric of its basin. Investigating the
spatiotemporal variability of water-sediment flux in the Yellow River holds critical theoretical significance for
addressing environmental governance, climate change adaptation, and livelihood improvements across the basin.
Furthermore, it provides essential insights into optimizing water resource allocation, coordinating human-land
relationships, regulating water-sediment discharge, and enhancing flood control and disaster mitigation strategies. As
one of China’s most vital river systems, the Yellow River’s hydrological and sediment dynamics exert profound
impacts on ecosystem integrity, flood resilience, and sustainable socioeconomic development. Characterized by
exceptionally high sediment concentrations, the Yellow River presents unparalleled challenges in water-sediment
management, necessitating highly accurate, real-time, and granular monitoring systems. Advanced analysis of
water-sediment dynamics enables the identification of temporal patterns, prediction of future flux trends, and
formulation of science-driven policies for ecological conservation, flood risk reduction, and adaptive river basin
management.

Firstly, the complexity of the Yellow River water-sediment regulation system and its impact on basin sustainable
development have become focal points of research. Cao et al. analyzed the influencing factors and evolution trends of
the Yellow River water-sediment regulation system from a systemic perspective, identifying climate change and human
activities as the key drivers of abrupt changes in water-sediment relationships [1]. Current models still have limitations
in their response mechanisms to extreme hydrological events, particularly in terms of prediction accuracy under high
sediment load scenarios. Secondly, addressing the issue of missing monitoring data, cubic spline interpolation has
emerged as a mainstream method due to its smoothness and local adaptability. Habermann and Kindermann
systematically expounded the mathematical principles of multidimensional spline interpolation [2], demonstrating its
superiority in reconstructing non-uniform data; Abdulmohsin et al proposed a classification method based on cubic
spline interpolation, verifying its robustness in high-noise environments [3]; He and Li combined it with support vector
quantile regression for uncertainty analysis in wind power probability density prediction, achieving a 15% reduction in
error [4]. Liu et al. proposed a Transformer-based model with missing position encoding, leveraging self-attention
mechanisms to capture long-term dependencies in multivariate hydrological sequences, achieving a 15%-25%
reduction in imputation errors [5]. In Yellow River water-sediment studies, cubic spline interpolation has been applied
to complete sediment concentration data, but its accuracy in edge regions is constrained by data sparsity. Future
research could explore adaptive weighted interpolation or multi-scale fusion algorithms to enhance reliability. Thirdly,
non-parametric statistical methods hold significant importance in hydrological trend analysis, with the Mann-Kendall
(MK) test being the most widely applied. Mann and Kendall established the theoretical foundation of the MK test [6],
whose characteristic of not requiring assumptions about data distribution makes it suitable for non-normal hydrological
sequences; Patle et al. and Cabral Junior et al. respectively applied the MK test to precipitation trend analysis in India
and Brazil, finding it maintains high sensitivity even with small sample sizes [7]; Sang et al. compared the MK test with
empirical mode decomposition (EMD), noting the MK test's greater advantage in detecting abrupt changes but its
limitation in distinguishing natural fluctuations from human interventions [8].

Through reading literature, it has been found that there is limited research on the use of cubic spline interpolation in the
study of water and sediment fluxes in the Yellow River. Therefore, this article proposes using cubic spline interpolation
to study the water and sediment flux of the Yellow River.

© By the Author(s) 2025, under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0).
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2 MODEL
2.1 Cubic Spline Interpolation

The cubic spline interpolation is a method that uses a series of cubic polynomials assembled according to certain
smoothness requirements to approximate a function or a set of data points.
Divide the data range into multiple sub-ranges and define a cubic polynomial for each sub-range.

S.(x)=ax’+bx’+cx+d, )
where i=1,2,3..n—1; where a,,b,,c,,d, are the coefficients of cubic spline interpolation.

Constrains adjacent polynomials to be continuous in function values and first and second derivatives at the junction
points.

Combined with boundary conditions (such as natural splines) to solve the coefficient, the global smooth curve is
formed.

The data utilized in this article is sourced from the website www.mcm.edu.cn..

The relationship between sediment concentration and time, water level and discharge in a hydrology station from 2016
to 2021 was studied. Supplement the missing annual sediment concentration data according to the known data.

The steps to supplement the sediment content data are as follows (take 2016 as an example) :

Step 1: Data selection

Looking at six years of monitoring data, it was found that when filtering the data with the keyword "sediment
concentration", there were 373 sampling events in 2016, of which 366 occurred at 8 am, accounting for a certain
proportion. The statistical results of other years are shown in Table 1.

Table 1 Statistical Table of Sediment Concentration at 8:00 from 2016 to 2021

Total sampling times of sediment 8:00 Sampling times of .

Year . ratio
content sediment content

2016 373 366 98.1%
2017 372 358 96.2%
2018 432 364 84.2%
2019 404 364 90%
2020 321 274 85.3%
2021 257 227 88.3%

As can be seen from Table 1, in the past six years, the data of sediment content sampled by the hydrological station at
8:00 am every day accounted for 85% of the total data. Therefore, in order to fill in the missing sediment concentration
data, the annual 8 a.m. sampling data was used.

Step 2: Time processing

Insert a serial number column in the 2016 data , each serial number corresponding to a specific date and time. For
example, serial number 1 corresponds to 0:00 a.m. on January 1, 2016; Serial number 2380 corresponds to 24pm on
December 31, 2016, and other serial numbers are derived from this. Replace the time with a serial number, using the
serial number as the horizontal coordinate.

Step 3: Cubic spline interpolation

The filter data were interpolated with three splines to calculate the sediment concentration data in 2016. Since the
sampling frequency at 8 am in 2016 accounted for a certain proportion, the sediment concentration data at 8§ am in 2016
was taken as the ordinate and the serial number as the horizontal coordinate. Three spline interpolation was carried out
with MATLAB to calculate the sediment concentration data of 2016.

2.2 Mann-Kendall non-Parametric Test Method

Mann-Kendall (MK) test is a non-parametric statistical method used to detect trend changes or abrupt points in time
series data [6].
Its primary advantage is that it does not necessitate the assumption of a specific data distribution (e.g., normal
distribution) and exhibits robustness against outliers. Consequently, it has been extensively applied in disciplines such
as hydrology, meteorology, and environmental science.
The working principle of MK test is to judge the trend direction by comparing the relative size of each pair of
observations in the data sequence. The equation is given by:

n=1 n

S = z Z sgn(x; —x;) )

i=1 j=i+l

where S is the result of the sum of the counts of X, =X 5 X,Xp, X5, 00X, are time series; 7 is the number of

data in the time series; Each data pair is assigned the following values:
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1 i, >x,
sgn(x; —x;) =10 ifx, =x, (3)
-1 ifx; <x

When there are duplicate values in the data, the variance correction is calculated according to equation 4:

n(n—-1)(2n+5)— Zm:tk(tk -1)(2¢, +95)

18

where £, is the number of data with equal values in a certain group; m is the number of groups containing equal

Var(S) = “)

values in the data series in a group k.
The Mann-Kendall test statistic is based on the value of the variable Z, calculated according to equation 5:

S—-1
—— if §>0
JVar(S) 4
Sty s<o
JVar(S)

if |Z | >Z  ,alevel of significance (& ) of 5% was considered, that reject the original assumption (no trend), and
-Z

consider that there is a significant upward or downward trend [7-8].
The Mann-Kendall (MK) test identifies abrupt change points in time series data by analyzing the cumulative trend
statistics of both forward and reverse sequences. The specific steps are as follows:

Step 1: Forward Sequence U ,.

For a time series {X,,X,,X;,***X, } , the standardized statistic U, (k) at position k (k =23, -,n) is calculated

as:

S, -E(S,)

Ur (k) Var(S, )

(6)

kil
where S, =ZZSgn(xl. —xj) is the cumulative sum of pairwise comparisons up to the k-th data point;
=1 j=1

k(k -1 k(k —1)(2k +5)

E(Sk) = 7

s the

is the expected value under the null hypothesis (no trend); Var(S,) =

variance of S, .
Step 2: Reverse Sequence U,
For the reversed time series {X, ,X, ,,X, ,,"--X;} ,the standardized statistic ~U,(k) at position
k(k =n-1,n —2,---,1) is defined as:

U, (k)

:S,;—E(S,;)

(N
Var(S,'{) i

where S, = z Z sgn(x; —x,), with E(S,) and Var(S,) computed similarly to U, (k)
ik j=it] .
Step 3: Change Point Identification
Plot U, (k) and U, (k) against time indices. Determine the intersection points of U, (k) and U,(k) within

the confidence interval (e.g., @ = 0.05, critical value Z _ ~1.96). Significant abrupt changes are detected at time
-2

points where U, (k) and Uj,(k) cross each other within the confidence bounds [9-11].
3 RESULTS
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3.1 Cubic Spline Interpolation

Cubic spline interpolation were interpolated respectively for the data screened from 2016 to 2021, and the sediment
content data from 2016 to 2021 were calculated using MATLAB software (see Figure 1 to Figure 6).

2016 time and sediment content cubic spline interpolation map
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Figure 1 Cubic Spline Interpolation of Time and Sediment Concentration in 2016

The blue dots in Figure 1 are 366 selected ones, and the red lines are cubic spline interpolation curves. It is found from

the images and errors that the interpolation effect is good.
The same can be obtained: 2017-2021 time and sediment content cubic spline interpolation plot and all missing

sediment content data.

2017 time and sediment content cubic spline interpolation map © 2018 time and sediment content cubic spline interpolation map
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Figure 2 Cubic Spline Interpolation of Figure 3 Cubic Spline Interpolation of
Time and Sediment Concentration in 2017 Time and Sediment Concentration in 2018

The blue dots in Figure 2 are 358 selected ones, and the red lines are cubic spline interpolation curves. It is found from

the images and errors that the interpolation effect is good.
The blue dots in Figure 3 are 364 selected ones, and the red lines are cubic spline interpolation curves. It is found from

the images and errors that the interpolation effect is good.
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Figure 4 Cubic Spline Interpolation of Figure5 Cubic Spline Interpolation of
Time and Sediment Concentration in 2019 Time and Sediment Concentration in 2020

The blue dots in Figure 4 are 364 selected ones, and the red lines are cubic spline interpolation curves. It is found from
the images and errors that the interpolation effect is good.
The blue dots in Figure 5 are 274 selected ones, and the red lines are cubic spline interpolation curves. It is found from
the images and errors that the interpolation effect is good.
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Figure 6 Cubic Spline Interpolation of Time and Sediment Concentration in 2021

The blue dots in Figure 6 are 227 selected ones, and the red lines are cubic spline interpolation curves. It is found from
the images and errors that the interpolation effect is good.

3.2 Mann-Kendall Non-Parametric Test Method

The abrupt changes in water-sediment flux were investigated by analyzing two key components: water discharge
variability and sediment load fluctuations. Utilizing datasets from completed annual sediment concentration data,
monthly averages of water discharge and sediment load over six years were calculated using Excel’s PivotTable
function. Specifically, data for identical months across different years (e.g., all January records from 2016 to 2021) were
aggregated to generate 12 monthly mean values for both parameters. Under the hypothesis that water flux trends align
with water discharge patterns, the analysis of abrupt changes in water flux was equated to studying water discharge
variability. The Mann-Kendall (MK) nonparametric test was subsequently applied to detect abrupt shifts in the time
series, with monthly and weekly datasets input into the MK algorithm. This method calculates standardized

statistics(U . for forward sequences and U, for reverse sequences) and identifies intersection points within & 95%

confidence interval ( Z,,5 =1.96 ) as abrupt change points. Results revealed significant hydrological mutations: (see
Tables 2 and 3).

Table 2 Range of Months and Weeks with Abrupt Water Flow

YEAR MONTH WEEKS
2016 11 (50,52)
2017 1,7,11 (1,10), (30,40), (40,50)
2018 2 (1,10
2019 1 (1,10
2020 2 (1,10
2021 2 (1,10

Table 3 Range of Months and Weeks with Sudden Change of Sediment Discharge

YEAR MONTH WEEKS

2016 9,11 (35,40, (45,50)

2017 1,7,11 (1,10), (30,35), (40,50)
2018 2 (1,10)

2019 1 (1,10)

2020 2 (1,10)

2021 2 (1,10

In 2016, abrupt changes in water discharge were observed in November (between Weeks 50 and 51), while sediment
load exhibited mutations in September (with two distinct events) and November. During 2017, three discharge
mutations occurred in January (Weeks 1-10), July (Weeks 30—40), and November (Weeks 40-50), with sediment load
shifts aligning precisely with these intervals. From 2018 to 2021, water discharge mutations consistently emerged in
February (Weeks 1-10), except for 2019, where a January mutation (Weeks 1-10) was detected. Notably, sediment load
patterns mirrored discharge changes across all years (2017-2021), further confirming the strong linear correlation
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between suspended sediment concentration and water discharge identified.
4 CONCLUSION AND OUTLOOKS

This study employed cubic spline interpolation to reconstruct missing sediment concentration data with high precision,
establishing a complete annual water-sediment flux dataset spanning 2016-2021. Building upon the original monitoring
data and interpolation results, the Mann-Kendall (MK) nonparametric test was subsequently applied to systematically
investigate spatiotemporal abrupt changes in water-sediment flux dynamics. The analysis revealed synchronized
mutation patterns between water discharge and sediment load during specific months (e.g., January, July, and November
2017) and weekly intervals (e.g., Weeks 1-10). The precise identification of these abrupt change points provides critical
temporal thresholds for early warning systems, enabling proactive risk management in flood control, sediment
regulation engineering, and ecological conservation across the Yellow River Basin.

While this study successfully addressed missing sediment concentration data using cubic spline interpolation, with
interpolated curves demonstrating strong agreement with observed values (mean squared error < 5%), the numerical
accuracy of the interpolation results remains limited, particularly at data boundaries and under extreme-value scenarios.
Future studies could explore high-precision interpolation methods that integrate multi-source data (e.g., remote sensing
retrievals, high-frequency sensor monitoring) or adaptive weighting strategies to enhance local fitting performance,
thereby improving the characterization of spatiotemporal heterogeneity in complex water-sediment systems.
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Abstract: This study applies a Long Short-Term Memory (LSTM) neural network to model daily groundwater level
variations at four monitoring wells in the piedmont plain of Baoding City, Hebei Province, China. Using daily data from
January 1, 2018 to August 31, 2019, the LSTM model is trained and tested under a one-step rolling prediction framework.
The results demonstrate that the LSTM model accurately fits groundwater time series across various hydrogeological
conditions, with testing-phase RMSE values ranging from 0.08 to 0.45 meters and R? values exceeding 0.90. The model
performs exceptionally well for both stable and fluctuating groundwater level conditions, capturing seasonal decline and
recovery patterns without requiring explicit seasonal indicators. It also reveals the model’s ability to learn long-term trends
and nonlinear dynamics inherent in groundwater systems. Despite its high short-term prediction accuracy, challenges
remain regarding multi-step forecasting and responses to extreme events outside the training data. The study concludes that
LSTM offers strong potential for groundwater simulation in data-limited environments and recommends further integration
of hydro-meteorological variables for enhanced model robustness.

Keywords: Groundwater level; LSTM; Time series modeling; Baoding; Deep learning

1 INTRODUCTION

Groundwater is a vital fundamental natural resource, playing a critical role in global water supply and agricultural
production. As of 2010, the annual global extraction of groundwater exceeded 900 billion cubic meters, supplying
approximately 36% of drinking water, 42% of irrigation water, and 24% of industrial water. In water-scarce regions of
northern China, groundwater serves as the principal water source for both urban and agricultural use[1], earning the title
“lifeline beneath the surface.” However, because groundwater is stored underground in complex aquifer systems, its level
dynamics are subject to various disturbances such as precipitation, evaporation, and pumping. The most direct way to
observe groundwater level fluctuations is through long-term monitoring wells, yet the installation of such wells requires
significant financial and human resources. Moreover, the number of wells is limited, their spatial distribution is uneven, and
their performance is often constrained by geomorphic and topographic conditions, leading to missing data and outliers.
Against this background, machine learning techniques have increasingly been adopted in regional groundwater studies to
make better use of sparse monitoring data. Since the 1990s, these methods have been widely applied in hydrological
modeling and have demonstrated comparable or superior performance to numerical simulation models[2-4]. In recent years,
recurrent neural networks (RNNs) and their variants—particularly the Long Short-Term Memory (LSTM) model—have
shown significant promise in time-series groundwater level modeling and prediction [5-6]. LSTM networks learn temporal
patterns automatically and are capable of capturing complex nonlinear relationships between input variables and
groundwater level responses without requiring explicit assumptions about physical processes [7].

Studies have shown that LSTM generally outperforms traditional statistical and machine learning methods. For instance,
Yin compared LSTM with Random Forest (RF) and Artificial Neural Networks (ANNs) for groundwater level prediction
and found that LSTM achieved better accuracy in both validation and forecasting stages [8]. Vu demonstrated the model’s
ability to reconstruct groundwater time series with missing data and to accurately predict future values [9]. In China, Yan
developed a multivariable LSTM model based on groundwater monitoring data from Tai’an, Shandong Province,
integrating groundwater levels with various meteorological and anthropogenic factors. Their results demonstrated that the
multivariable LSTM outperformed both the Backpropagation (BP) neural network and the univariate LSTM model,
providing a more accurate simulation of groundwater dynamics[10]. Subsequently, Sun further optimized the model
structure and input data processing in a case study of Jinan City. They found that fitting temperature series using sinusoidal
functions and tuning the dropout rate significantly improved the model’s stability and prediction accuracy. For the
Quaternary aquifer, the optimized model achieved a prediction RMSE of less than 0.84 m[11]. Additionally, Sun compared
ARIMA, BP neural networks, and LSTM for monthly and daily groundwater level prediction in the North China Plain, and
confirmed the superiority of deep learning models in terms of accuracy [12].

© By the Author(s) 2025, under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0).
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Although the use of LSTM in groundwater modeling has become increasingly widespread, its application in fine-scale
fitting of groundwater level time series in the piedmont plains of Baoding, Hebei Province, remains limited. Given the
critical role of groundwater in regional water supply and the complexity of its dynamics in this area, this study aims to
construct an LSTM-based model using daily groundwater level data from January 1, 2018 to August 31, 2019. The model
will be trained and validated to evaluate its ability to simulate groundwater fluctuations and to assess its prediction accuracy
and applicability, thereby offering insights for regional groundwater resource management..

2 STUDY AREA AND DATE
2.1 Study Area Overview

Baoding City is located in the northwestern part of the North China Plain. The piedmont zone of the Taihang Mountains
refers to the transitional area between the eastern foothills of the Taihang Mountains and the adjoining plain, representing a
region where the mountainous terrain of western Baoding gradually shifts eastward into the plains. The terrain in this region
gradually flattens from west to east. Geologically, the area lies at the front edge of the alluvial-proluvial fan of the Taihang
Mountains, consisting of thick Quaternary unconsolidated sediments that form the primary aquifer systems. Historically,
this area was recognized as one of the most severely over-exploited groundwater zones in the North China Plain.
Groundwater levels continuously declined since the late 20th century, forming a widespread groundwater depression cone,
which reached its lowest point around 2010. In recent years, following the implementation of the South-to-North Water
Diversion Project (Middle Route) and comprehensive measures to manage groundwater over-extraction [13], groundwater
levels in the region have shown signs of recovery. Nevertheless, groundwater dynamics in this area remain highly sensitive
and complex, calling for scientifically robust monitoring and modeling tools to support sustainable groundwater
management.

2.2 Data Source

This study utilizes daily groundwater level elevation data from four national monitoring wells located in the piedmont plain
of Baoding City, spanning the period from January 1, 2018 to August 31, 2019. The spatial distribution of these wells is
illustrated in Figure 1. The selected wells cover a range of hydrogeological settings along a west—east transect across the
piedmont plain, including both recharge zones near the Taihang Mountain foothills and overexploited zones within the
central plain. The original time series is complete without any missing records. For a few isolated wells exhibiting abnormal
peak values, such anomalies were identified as instrument errors and corrected through preprocessing: the outlier values
were replaced by the average of the adjacent valid values to minimize the impact of outliers on model training. After
preprocessing, the groundwater level time series for each monitoring well displayed a clear trend and are considered
suitable for subsequent model training and validation.

Figure 1 Monitoring Well Locations (negative from google earth)
Source: https://earth.google.com/
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3 METHODOLOY
3.1 Long Short-Term Memory (LSTM)

The Long Short-Term Memory (LSTM) neural network is a variant of the recurrent neural network (RNN) architecture
designed to handle long-term dependencies in sequential data[14]. Unlike traditional RNNs that are prone to vanishing or
exploding gradient issues, LSTM introduces a gating mechanism that effectively controls the processes of information
retention and forgetting. A standard LSTM unit consists of an input gate, a forget gate, an output gate, and a cell state. At
each time step, the LSTM unit receives the current input vector, along with the previous hidden state and cell state, and
computes the updated states through gate operations. The forget gate determines which information from the previous cell
state should be discarded based on the current input and previous hidden state. The input gate regulates the extent to which
new information is written into the cell state. The updated cell state combines these two processes to maintain long-term
memory. Finally, the output gate determines which parts of the cell state are passed to the hidden state output. These gating
operations enable LSTM units to preserve relevant information over tens or even hundreds of time steps, making the model
well-suited for capturing long-term trends and seasonal patterns in groundwater level time series[15]. Mathematically, the
LSTM computations involve sigmoid activations for the gates and tanh activation for candidate memory states; the detailed
equations are omitted here for brevity. The model is trained using gradient descent to update the gate weights, minimizing
the difference between the predicted and observed sequences. Compared to traditional time-series methods or shallow
neural networks, LSTM’s ability to retain long-range dependencies provides a significant advantage in modeling delayed-
response processes such as groundwater level dynamics[16].

3.2 Model Architecture and Parameter Configuration

The LSTM model was implemented and trained using Python. For each monitoring well, the groundwater level time series
was transformed into supervised learning data by creating input-output pairs. Given the relatively stable daily changes and
seasonal cycles of groundwater levels, a sliding window of N = 30 days (approximately one month) was used as the input
sequence length. Each input sequence consisted of groundwater levels over the previous 30 days, and the target output was
the groundwater level on the following day (N+1). This sliding window approach was applied to extract training samples
from the historical time series. To ensure data consistency across wells, the raw groundwater levels were normalized using
Min-Max scaling, mapping values to the range [0, 1]. After prediction, the outputs were rescaled back to their original range
via inverse normalization.

The LSTM model architecture comprised a single LSTM hidden layer followed by a fully connected output layer. The
number of hidden units was determined experimentally to balance accuracy and prevent overfitting, and 16 units were
selected. The hidden layer used the tanh activation function, while the output layer employed a linear activation to generate
continuous numerical predictions. The model was trained using the Backpropagation Through Time (BPTT) algorithm, with
the Adam optimizer and an initial learning rate of 0.01, which was adaptively adjusted during training to accelerate
convergence. The loss function used was Mean Squared Error (MSE). To improve generalization, the training data was
randomly shuffled, and mini-batch gradient descent (batch size = 16) was applied for parameter updates. The number of
training epochs was determined based on convergence trends in the validation loss, and training was terminated when
validation error ceased to decrease.

3.3 Training and Testing Set Division

To evaluate the generalization performance of the LSTM model, the complete time series was split into training and testing
subsets. Following a conventional 80/20 split, the period from January 1, 2018 to April 30, 2019 (approximately 486 days)
was used as the training set, while the period from May 1, 2019 to August 31, 2019 (approximately 122 days) was used as
the independent test set. It is important to note that model training was conducted exclusively on the training data, and the
testing phase incorporated a rolling prediction mechanism. For example, to predict groundwater levels on May 2, 2019, the
model used real observations from the 30-day period ending on May 1 as input. The model then predicted the next day, and
this process continued iteratively using actual observed values to update the input window, ensuring sequential coherence in
multi-step forecasting.

3.4 Evaluation Metrics

The model’s prediction performance was evaluated on the test set using two common metrics: Root Mean Square Error
(RMSE) and the Coefficient of Determination (R?). RMSE quantifies the average deviation between predicted and observed
values, with lower values indicating better accuracy. R? measures the proportion of variance in the observed data explained
by the model, with values closer to 1 indicating better fit. These metrics were used to quantitatively assess the LSTM’s
performance across different monitoring wells. In addition, predicted and observed groundwater level curves were plotted
for visual inspection, allowing for a direct comparison of the model’s simulation capability and error distribution.
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4 MODEL FITTING AND RESULT ANALYSIS
4.1 Model Training Process

Following the methodology described above, separate LSTM models were trained for the groundwater level time series of
the four monitoring wells. During the training phase, the loss function for each model exhibited a rapid decline followed by
stabilization, indicating effective convergence. After approximately 100 epochs, the training error reached a plateau, and the
validation error no longer decreased, suggesting that the model had achieved its optimal fitting capacity. At this point, the
Root Mean Square Error (RMSE) on the training set for each well ranged between 0.1 and 0.3 meters, demonstrating a high
level of fitting accuracy on the observed data (Figure 2).
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Figure 2 Groundwater Level Fitting on the Training Set. Subplots (a)—(d) Correspond to Wells 1 through 4, Respectively.
The Red Dashed Lines Represent the Predicted Groundwater Levels, while the Blue Solid Lines Indicate Observed Values.

4.2 Testing Phase Fitting Performance

The trained models were then applied to the testing set, which spanned from May to August 2019, to generate daily
predictions of groundwater levels. The results are shown in Figure 3, where the predicted groundwater levels are compared
against observed values for each of the four monitoring wells. The LSTM models effectively reproduced the temporal
dynamics of groundwater levels, with strong agreement between the predicted and observed curves. In terms of seasonal
variation, the models successfully captured the summer decline and early autumn recovery patterns typical of groundwater
levels. Furthermore, the models accurately reflected broader trends of sustained decline or gradual rise in groundwater
levels across different wells.
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Figure 3 Groundwater Level Fitting on the Testing Set. Subplots (a)—(d) Correspond to Wells 1 through 4, Respectively.
The Red Dashed Lines Represent LSTM-predicted Groundwater Levels, and the Blue Solid Lines Denote Actual Observed
Values.

4.3 Error Analysis

The four monitoring wells selected for this study exhibited distinct groundwater level variation patterns during the testing
period from May to August 2019, yet the LSTM model demonstrated satisfactory fitting performance across all cases (Table
1). For Well 1, the groundwater level first increased and then decreased, dropping from approximately 3.2 m to 1.8 m. The
LSTM model successfully captured both the overall trend and the inflection points, with an RMSE of 0.21 m and an R? of
0.94. Well 2 is located in a region of intensive groundwater overexploitation and experienced a sharp decline of nearly 5 m.
The model accurately reproduced the nonlinear trend and slope transitions, although a slight underestimation occurred
toward the end of the period; the RMSE and R? were 0.45 m and 0.90, respectively. Well 3 exhibited stable water levels
with a total decline of less than 1 m. The model’s predictions were nearly indistinguishable from the observed data,
achieving an RMSE of only 0.08 m and a high R? of 0.99, indicating excellent fitting accuracy. For Well 4, the groundwater
level dropped by approximately 1.3 m, accompanied by minor fluctuations. The LSTM model accurately replicated both the
overall trend and localized short-term rebounds, with an RMSE of 0.18 m and R? of 0.96.

Table 1 Monitoring Well Error Statistics

Monitoring well

number RMSE (training set) R? (training set) RMSE (test set) R? (test set)
Well 1 0.036 0.99 0.21 0.94
Well 2 0.073 0.99 0.45 0.9
Well 3 0.028 0.99 0.08 0.99
Well 4 0.026 0.99 0.18 0.96

In summary, the LSTM model demonstrated strong nonlinear learning capability and high accuracy across varying
hydrogeological settings and magnitudes of groundwater level change. It effectively captured the dynamic characteristics of
groundwater fluctuations in the study area, confirming its applicability in regional groundwater modeling.

5 CONCLUSIONS AND FUTURE PERSPECTIVES

This study applied a Long Short-Term Memory (LSTM) neural network model to simulate daily groundwater level
variations at four monitoring wells in the piedmont plain of Baoding City. The main conclusions are as follows:

The LSTM model achieved high-precision fitting of groundwater level time series. After being trained on approximately 1.5
years of daily data, the model produced predictions that closely matched observed groundwater levels during the testing
phase. The mean absolute error ranged from 0.1 to 0.45 meters, and the coefficient of determination (R?) generally exceeded
0.90, indicating that the model could explain the majority of groundwater level variance. Particularly for wells with stable
and gradually changing levels, the fitting accuracy approached the magnitude of measurement error. For wells with
significant seasonal fluctuations or trends, the LSTM model effectively captured the peaks, troughs, and long-term
trajectories. These results confirm that LSTM networks are well-suited for modeling hydrological time series such as
groundwater levels, which exhibit long-term memory characteristics.

The model automatically learned seasonal and trend components. Leveraging the memory capabilities of gated recurrent
units, the LSTM model captured seasonal patterns—such as summer declines and winter recoveries—as well as long-term
trends like multi-year depletion, without requiring explicit inclusion of seasonal or trend indicators. During the testing
period, the model responded accurately to seasonal turning points, distinguishing dry and wet periods. This demonstrates the
advantage of deep learning models in capturing latent patterns. In contrast, traditional approaches like linear regression or
ARIMA typically require pre-processing (e.g., detrending or adding exogenous seasonal terms), whereas LSTM can
simultaneously model multiple forms of variation.

While the model performed exceptionally well in short-term predictions, its accuracy over longer forecasting horizons
remains uncertain. This study focused on one-step-ahead rolling forecasts, using recent observed values to update
predictions continuously. Under these conditions, the model achieved excellent results (e.g., R* = 0.99). However, for multi-
step forecasts extending weeks or months into the future, prediction errors may accumulate over time. In such cases,
periodic correction or hybridization with physically-based models may be needed to mitigate error propagation.

The model's performance is dependent on the range of training data and may have limited adaptability to abnormal or abrupt
conditions. As the LSTM model learns entirely from historical data, it may struggle to respond accurately to events not
represented in the training set, such as sudden recharge from extreme rainfall or rapid drawdown from unexpected over-
pumping. In this study, abnormal values were filtered to improve model stability. Nonetheless, this highlights the need to
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supplement model outputs with real-time field data to validate and adjust predictions, particularly when encountering
conditions outside the historical data distribution.

In summary, the LSTM model delivered satisfactory results for groundwater level fitting in the Baoding piedmont plain,
demonstrating strong potential as a data-driven modeling tool. Nevertheless, there remain areas for improvement and further
investigation. For instance, this study used only historical groundwater level data as model input. In future work,
incorporating additional variables such as precipitation, evaporation, and pumping rates may help build a multivariate
predictive model with enhanced robustness and improved responsiveness to anomalous scenarios.

COMPETING INTERESTS
The authors have no relevant financial or non-financial interests to disclose.
REFERENCES

[1] Wang K, Chen H, Fu S, et al. Analysis of exploitation control in typical groundwater over-exploited area in North
China Plain. Hydrological Sciences Journal, 2021, 66(5): 851-861. DOI: 10.1080/02626667.2021.1900575.

[2] Kratzert F, Klotz D, Brenner C, et al. Rainfall-runoff modelling using long short-term memory (LSTM) networks.
Hydrology and Earth System Sciences, 2018, 22(11): 6005-6022. DOI: 10.5194/hess-2018-247-scl.

[3] Lees T, Buechel M, Anderson B, et al. Benchmarking data-driven rainfall-runoff models in Great Britain: a
comparison of long short-term memory (LSTM)-based models with four lumped conceptual models. Hydrology and
Earth System Sciences, 2021, 25(10): 5517-5534. DOI: 10.5194/hess-25-5517-2021.

[4] Yang S, Yang D, Chen J, et al. A physical process and machine learning combined hydrological model for daily
streamflow simulations of large watersheds with limited observation data. Journal of Hydrology, 2020, 590: 125206.
DOI: 10.1016/j.jhydrol.2020.125206.

[5] Zounemat-Kermani M, Batelaan O, Fadaee M, et al. Ensemble machine learning paradigms in hydrology: A review.
Journal of Hydrology, 2021, 598: 126266. DOI: 10.1016/j.jhydrol.2021.126266.

[6] Nearing G S, Kratzert F, Sampson A K, et al. What role does hydrological science play in the age of machine learning?.
Water Resources Research, 2021, 57(3): €2020WR028091. DOI: 10.31223/osf.i0/3sx6g.

[7] Bai T, Tahmasebi P. Graph neural network for groundwater level forecasting. Journal of Hydrology, 2023, 616:
128792. DOI: 10.1016/j.jhydrol.2022.128792.

[8] Yin W, Fan Z, Tangdamrongsub N, et al. Comparison of physical and data-driven models to forecast groundwater
level changes with the inclusion of GRACE-A case study over the state of Victoria, Australia. Journal of Hydrology,
2021, 602: 126735. DOI: 10.1016/j.jhydrol.2021.126735.

[97 VuTD, Ni CF, Li W C, et al. Predictions of groundwater vulnerability and sustainability by an integrated index-
overlay method and physical-based numerical model. Journal of Hydrology, 2021, 596: 126082. DOI:
10.1016/j.jhydrol.2021.126082.

[10] Baizhong Y, Jian S, Xinzhou W, et al. Multivariable LSTM neural network model for groundwater levels
prediction.Journal of Jilin  University (Earth Science Edition), 2020, 50(1): 208-216. DOI:
10.13278/j.cnki.jjuese.20190055.

[11] Hongjie S, Zhenhua Z, Linxian H, et al. Application of Multi-Variable LSTM Neural Network Model for Groundwater
Levels Prediction. Yellow River, 2022, 44(8). DOI: 10.3969 /j.issn.1000-1379.2022.08.014.

[12] Sun J, Hu L, Li D, et al. Data-driven models for accurate groundwater level prediction and their practical significance
in groundwater management. Journal of Hydrology, 2022, 608: 127630. DOI: 10.1016/j.jhydrol.2022.127630.

[13] Zhang C, Duan Q, Yeh P J F, et al. Sub-regional groundwater storage recovery in North China Plain after the South-to-
North water diversion project. Journal of Hydrology, 2021, 597. DOI: 10.1016/j.jhydrol.2021.126156.

[14] Rajaece T, Ebrahimi H, Nourani V. A review of the artificial intelligence methods in groundwater level
modeling. Journal of hydrology, 2019, 572, 336-351. DOI: 10.21203/rs.3.rs-2915223/v1.

[15] Wai K P, Chia M Y, Koo C H, et al. Applications of deep learning in water quality management: A state-of-the-art
review. Journal of Hydrology, 2022,613, 128332. DOI: 10.1016/j.jhydrol.2022.128332.

[16] Van Thieu N, Barma S D, Van Lam T, et al. Groundwater level modeling using augmented artificial ecosystem
optimization. Journal of Hydrology,2023, 617, 129034. DOI: 10.1016/j.jhydrol.2022.129034.

Volume 3, Issue 2, Pp 7-12, 2025



Frontiers in Environmental Research
ISSN: 2960-026X
DOI: https://doi.org/10.61784/fer3025

SURFACE DEFORMATION MONITORING AND ANALYSIS IN
XINJING MINING AREA BASED ON SBAS-INSAR
TECHNOLOGY

FangZhou Fu
College of Intelligent Mining Engineering, China University of Mining and Technology-Beijing, Beijing 100080, China.
Corresponding Email: 13007343782@163.com

Abstract: Large-scale mining activities in mining areas can induce surface deformation phenomena, threatening the
stability of peripheral production systems and residential environmental safety. Consequently, implementing
high-precision surface deformation monitoring has become a critical component of mine safety assessment systems and
ecological restoration projects. This study takes the Xinjing Mining Area in Alxa League, as a case study. Utilizing 20
scenes of Sentinel-1 ascending orbit images acquired from January 2022 to December 2023, this study applied the
SBAS-InSAR technique for deformation monitoring and analysis. The results demonstrated complex deformation
patterns in the Xinjing Mining Area during the study period, primarily characterized by subsidence. The deformation
rate across the study area ranged from -125.8 mm/a to +36.3 mm/a, with cumulative deformation magnitudes ranging
from -213.3 mm to +76.7 mm. The deformation process evolved through three distinct phases: an accelerated
deformation phase, a moderate deformation phase, and a stabilization phase. This study provides essential data support
and a scientific basis for preventing mining-induced subsidence caused by engineering activities in mining areas.

Keywords: SBAS-InSAR; Alxa open-pit coal mine; Surface deformation monitoring; Spatiotemporal evolution

1 INTRODUCTION

Mineral resource exploitation serves as the foundation supporting modern industrial development [1], yet the surface
deformation it induces has become a global focus in mine environmental governance [2]. Processes such as open-pit
excavation, underground goaf collapse, and groundwater level fluctuations can lead to surface deformation, ground
fissure propagation, and even landslides, posing significant threats to mining safety and surrounding communities [3-4].
Although conventional monitoring techniques (e.g., GNSS and precise leveling) provide millimeter-level deformation
accuracy [5-6], their low spatial density and high costs limit their applicability for large-scale dynamic monitoring in
mining areas [7-8]. Consequently, high-resolution, wide-coverage remote sensing technologies for surface deformation
monitoring hold urgent practical significance for mine hazard early warning and ecological restoration [9].
Interferometric Synthetic Aperture Radar (InSAR) technology, utilizing its all-weather and large-scale observational
capabilities [10], has revolutionized deformation monitoring in mining areas. In recent years, time-series InSAR
techniques such as SBAS-InSAR have significantly enhanced the accuracy and spatiotemporal continuity of
deformation inversion by constructing optimized small-baseline interferometric networks. These advancements have
demonstrate unique advantages in monitoring slow and nonlinear deformation [11-13]. Currently, this technology has
been widely applied in multiple domains, including mine subsidence monitoring, surface settlement prediction, urban
subsidence rate assessment, and spatiotemporal characteristic analysis of mining-induced deformation [14-15].
SBAS-InSAR, with its distinctive all-weather observation capability, continuous monitoring characteristics, and high
spatial resolution and measurement precision, provides innovative technical solutions for unraveling the spatiotemporal
evolution patterns of mining-induced subsidence [16].

A catastrophic collapse occurred at the Xinjing Coal Mine on February 22, 2023 [17], making time-series deformation
monitoring of this mine critical for ensuring mining safety and public safety. While previous studies, notably by Ma et
al. [18], have extensively documented the pre-slope-destabilization surface deformation patterns in the mining area,
their conclusions remain constrained by the lack of systematic deployment of ground monitoring networks to validate
deformation magnitudes, particularly in critical zones with high displacement gradients. Furthermore, existing literature
predominantly focuses on pre-collapse deformation mechanisms, leaving the dynamic post-collapse evolution—such as
stress redistribution and secondary instability risks—insufficiently resolved. To address these limitations, this study
provides a comprehensive analysis of surface deformation spanning both pre- and post-avalanche phases. By integrating
multi-temporal InSAR observations with post-event field validations, we systematically quantify the cascading impacts
of slope failure on deformation regimes, thereby advancing a more holistic understanding of mining-induced geohazard
progression. This study utilizes 20 Sentinel-1 ascending orbit images acquired from January 2022 to December 2023.
Using SBAS-InSAR technology, we conducted deformation monitoring and analysis in the Xinjing Mining Area,
thereby providing data support for preventing mining-induced subsidence caused by engineering activities.

2 STUDY AREA
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The Xinjing open-pit coal mining area, a representative northern mining region, has faced escalating subsidence-related
challenges, including recurrent landslides and agricultural land degradation, driven by decades of intensive extraction
activities. The sparse vegetation coverage and geomorphological stability collectively ensure sufficient coherence for
interferometric processing. Comprehensive mining records, hydrological datasets, and ground-based measurements are
systematically archived, enabling robust cross-validation with InSAR-derived deformation results. This study's
outcomes are expected to directly inform disaster prevention strategies and operational loss mitigation, thereby
demonstrating dual significance in advancing subsidence mechanism research and promoting sustainable mining
practices.

The Xinjing Coal Mine is located in the northwestern part of Alxa Left Banner, Alxa League, with geographical
coordinates ranging from 105°30'E to 105°45'E and 39°10'N to 39°25'N, adjacent to the western foothills of the
northern Helan Mountains. The mining area exhibits an irregular polygonal shape, extending approximately 7.2 km
north-south and 4.5 km east-west, covering a total area of 32.4 km?2. It borders the Helan Mountain National Nature
Reserve to the north and the Tengger Desert Marginal Ecological Restoration Project Area to the south, serving as a
critical ecological node in the desert-oasis transition zone.

The mining area lies within the intermixing zone of Helan Mountain piedmont alluvial-proluvial fans and desert terrain,
gently sloping from northwest to southeast with gradients of 2° — 5° and an average elevation of 1,328 meters. Surface
coverage consists of Quaternary aeolian sand deposits (3 — 8 m thick) , locally exposing Jurassic sandstone bedrock.
The climate is characterized by a mid-temperate extreme arid continental regime, featuring an annual precipitation of
127 mm (primarily concentrated from July to September) and evaporation exceeding 2,800 mm. The mean annual
temperature ranges between 8 — 10 °C, with summer extreme highs reaching 40 °C and winter lows dropping to -25 °C.
The region experiences a mean annual wind speed of 4.2 m/s dominated by northwest winds, with an annual sandstorm
frequency of 21 days.

Coal seams in the mining area demonstrate a distinct north-south strike orientation, with thickness gradually increasing
from 20 meters in the north to 100 meters in the south, forming a stable coal distribution pattern as shown in the satellite
image map (Figure 1). The coal-bearing strata belong to the Taiyuan Formation and Shanxi Formation, featuring
average seam thicknesses of 8 — 15 meters, dip angles of 5° — 15°, and burial depths of 50 — 200 meters. The coal is
primarily long-flame type with calorific values of 4,500 — 5,500 kcal’kg, medium ash content (18% — 25%), and
medium sulfur content (1.2% — 1.8%), making it suitable for power generation and chemical industries.

Legend

M Xinjing Mining Area
[ Sentinel-1A

Figure 1 Overview Map of the Study Area
3 DATA AND METHODS
3.1 Data Source

To investigate surface deformation in the Xinjing Mining Area, this study employs radar satellite data for analysis.
Sentinel-1A Synthetic Aperture Radar (SAR) data were acquired in Interferometric Wide (IW) swath mode with VV
polarization, specifically utilizing Single Look Complex (SLC) products. A total of 20 Ascending orbit images spanning
from January 7, 2022, to December 16, 2023, were selected for deformation analysis. Technical parameters of the
Sentinel-1A imagery are detailed in Table 1. Additionally, the Shuttle Radar Topography Mission (SRTM) Digital
Elevation Model (DEM) with 30 m spatial resolution was applied to compute topographic parameters, enabling precise
geocoding and co-registration of SAR images.
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Table 1 Parameters of SAR data

Data Parameter Description
Time Span 2022/01/07~2023/12/16
Data Volume 20
ol Orbit Direction Ascending
Sentinel-1A Heading Angle -13°11"
Acquisition Mode Iw
Polarization Mode \AY

3.2 SBAS-InSAR Methods

The SBAS-InSAR (Small Baseline Subset Interferometric Synthetic Aperture Radar) technique extract surface
deformation information from multi-temporal SAR images by constructing a small-baseline interferometric network.
This approach reduces decorrelation noise (e.g., coherence loss in vegetated areas) and improves data usability through
the generation of phase interferograms. By selecting N+1 SAR scenes with uniform temporal spacing, M differential
interferograms are generated based on predefined temporal and spatial baseline thresholds, where M satisfies the
condition: (N+1)/2 < M < N(N+1)/2 The differential interferometric phase comprises contributions from deformation,
residual topography, atmospheric delay, orbital errors, and noise, expressed mathematically as:

Ap= 4”d(r)+ 4nB, Az+o +o  +
§0 i l R S 1 n 8 goatm goorb (onoise ( 1 )
In the equation:
4n (s ——Phase variation induced by surface deformation (target signal), where d(t) represents the cumulative
A ) deformation displacement.
4B, ——The phase residual induced by DEM elevation error Az exhibits positive correlation with the vertical

ARsin @ baseline B .

——Atmospheric delay phase (dominant error), orbital error phase, and noise-induced phase error.
¢atm . ¢orb N ¢noise
The Sentinel-1 SAR datasets were processed using SBAS-InSAR techniques to derive millimeter-level accuracy
time-series deformation fields and mean displacement velocity fields across the study area and its surroundings.
Through these outputs, we analyzed the spatiotemporal evolution characteristics of surface deformation and revealed
potential hazard development patterns. The technical workflow is illustrated in Figure 2.
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Figure 2 Technical Workflow Diagram

The key implementation steps are as follows:

(1) Master Image Selection:

A master image is selected from N+1 scenes by maximizing the overall coherence of all interferometric pairs. A
multiplicative model evaluates four parameters: temporal baseline, spatial perpendicular baseline, Doppler centroid
difference, and thermal noise. The image achieving maximum coherence is designated as the master to minimize
co-registration errors and enhance alignment precision.

(2) Image Co-registration:

SAR slave images are co-registered to the master image to generate interferograms under spatiotemporal baseline
constraints. To mitigate decorrelation caused by excessive baselines, a weighted least squares method with offset
standard deviation weighting is implemented. Homologous points are identified via intensity cross-correlation or fringe
sharpness algorithms, with weights assigned based on coherence values to solve offset polynomials. Precise orbit data
and DEM-assisted range-Doppler modeling achieve sub-pixel alignment accuracy.

(3) Differential Interferogram Generation:

The flat-earth effect induces dense fringe patterns, complicating subsequent filtering and unwrapping. Prior to
differential interferogram generation, SRTM-3 DEM data (30 m spatial resolution) is utilized to remove flat-earth and
topographic phase contributions. Interferometric pairs are then selected based on temporal and spatial baselines,
employing a multi-master image strategy to construct initial differential interferograms. Given the study area's complex
geomorphology and significant topographic variations, high-quality interferograms are prioritized to mitigate residual
topographic phase errors.

(4) Phase unwrapping:

The raw interferometric phase comprises not only surface deformation components but also residual orbital phases,
topographic residuals, atmospheric delay phases, and noise. Due to the strong spatial randomness of topographic
residuals and noise phases, direct unwrapping is infeasible. This study adopts a height-correction-based unwrapping
approach. While height correction terms and noise phases exhibit spatial randomness, atmospheric delays and orbital
residuals demonstrate spatial correlation. To address this, spatial-domain filtering is applied to estimate spatially
correlated components, followed by adaptive filtering methods to remove these artifacts, yielding unwrapped
interferograms. In areas with rapid land cover changes, significant topographic variations, or atmospheric coherence
degradation, unwrapped interferograms still exhibit incomplete results in certain regions. Consequently, it is necessary
to discard interferograms with poor unwrapping outcomes to ensure reliability in subsequent analyses.

(5) Deformation Estimation:

The unwrapped phase undergoes Singular Value Decomposition (SVD) to solve the least-squares problem for
time-series deformation. Residual topographic phases and noise components (non-spatially correlated) are extracted by
differencing the original unwrapped phases, enabling elevation correction and deformation sequence refinement.
Deformation comprises linear and nonlinear components. Temporal filtering isolates time-correlated nonlinear
deformation phases from uncorrelated atmospheric delays. The nonlinear deformation is then combined with spatially
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filtered linear deformation to derive the final time-series deformation phase. The resulting line-of-sight (LOS) mean
deformation rate and cumulative displacement time-series are vertically decomposed using the incidence angle.
Subsequent geocoding transforms the results from SAR coordinates to the WGS84 geographic coordinate system ,
enabling spatial analysis of mining-induced subsidence patterns.

4 RESULTS ANALYSIS AND DISCUSSION
4.1 Surface Deformation Velocity in the Mining Area

By applying SBAS-InSAR techniques to 20 Sentinel-1A scenes acquired from January 7, 2022, to December 16, 2023,
we generated the mean deformation rate map of the Xinjing Mining Area (Figure 3). In this map: Positive values (blue)
denote ground movement toward the satellite, corresponding to uplift, while negative values (red) signify displacement
away from the satellite, indicative of subsidence.
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Figure 3 Mean Deformation Rate Map of the Xinjing Mining Area (2022 - 2023)

Figure 3 demonstrates pronounced surface deformation within the mining area, revealing distinct subsidence patterns
across varying velocity ranges. Subsidence zones with rates of -125 to -80 mm/a cover 0.13 km? (4.9% of the total
subsidence area), while those at -80 to -50 mm/a, -50 to -30 mm/a, and -30 to -10 mm/a occupy 0.28 km? (11.2%), 0.58
km? (23.3%), and 1.52 km? (60.6%), respectively. Notably, vertical uplift deformation (total area: 2.17 km?) is observed
and preliminarily attributed to spoil material accumulation from open-pit mining operations.

4.2 Spatiotemporal Evolution of Surface Deformation in the Mining Area

To better investigate the spatiotemporal evolution characteristics of the mining area, this study obtained cumulative
deformation displacements at different time intervals in the study area, as shown in Figure 4. The spatial evolution of
deformation from 2022 to 2023 used January 7, 2022, as the reference baseline, with the surface deformation on that
date set to 0 mm. Figure 5 demonstrates that from January to June 2022, the deformation distribution area in the study
region significantly increased with accelerated deformation rates, resulting in cumulative displacements ranging from
-142.0 mm to +27.9 mm. From July 2022 to March 2023, the deformation area continued to expand, though the rates
slowed, with cumulative displacements reaching -213.1 mm to +63.8 mm. During the period from April to December
2023, the deformation process entered a relatively stable phase, with cumulative displacements showing only minor
fluctuations between -213.3 mm and +76.7 mm. The spatiotemporal evolution reveals that the deformation extent
expanded from 3.68 km? in June 2022 to 5.47 km? by November 2022, ultimately reaching 7.12 km? by December 2023.
This evolutionary process clearly indicates that the surface deformation in the study area not only exhibits significant
spatial expansion but also demonstrates continuous growth in cumulative displacement.

To further investigate deformation trends in the mining area, six representative feature points were selected in Figure 4,
Record their deformation information in Table 2. And their cumulative deformation curves are plotted in Figure 5.
Figure 5 reveals sustained growth trends in cumulative deformation across all monitoring points, with significant rate
variations. Notably, point C2 exhibits the maximum cumulative deformation of -171.1 mm, while point C1 shows the
minimum displacement at +99.6 mm.
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Figure 4 Spatiotemporal Deformation Evolution Map

Specifically, the temporal evolution characteristics of surface deformation at the six monitoring points can be broadly
categorized into three distinct phases:

(1) Accelerated Deformation Phase: From January to June 2022, deformation rates at all six monitoring points
increased substantially, with cumulative displacements growing progressively. During this period, point C2 exhibited
the maximum deformation, reaching -99.5 mm by June 12, 2022, corresponding to an average deformation rate of
-198.3 mm/a. In contrast, point C5 showed the minimum deformation, with a cumulative displacement of -44.3 mm and
an average rate of -88.1 mm/a. The rapid deformation progression is directly attributable to high-intensity mining
operations, which triggered abrupt stress redistribution in overburden strata.

(2) Moderate Deformation Phase: From July 2022 to March 2023, point C3 exhibited the maximum cumulative
deformation of -66.8 mm with a mean deformation rate of -95.5 mm/a, while point C1 showed the minimum
displacement (-27.5 mm, mean rate: -39.3 mm/a). Notably, a major landslide occurred on February 22, 2023, during the
terminal phase of this period. Analysis of cumulative deformation curves reveals that the excessive deformation rates
induced by sustained high-intensity stripping operations during Phase 1 directly triggered this disaster. Preceding the
event, monitoring points C1, C2, and C3 exhibited daily subsidence rates exceeding 0.5 mm/day. Such rapid stripping
rates promoted the formation of oversteepened slopes, with progressive stability degradation over time ultimately
leading to slope failure.

(3) Stabilization Phase: From April to December 2023, deformation rates at all six monitoring points decelerated and
gradually stabilized. During this period, only point C5 retained residual deformation of -37.6 mm, while displacements
at other points remained within -20 mm. Notably, point C1 exhibited an anomalous reduction in cumulative
deformation of 23.5 mm. These trends are closely linked to post-landslide mitigation measures, including production
suspension, operational rectification, and slope reinforcement engineering. The stabilization demonstrates that
anthropogenic interventions effectively suppressed further deformation progression.
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Figure 5 Cumulative Deformation Curve

Table 2 Deformation Information at Monitoring Points

Monitoring Points Mean Deformation Rate (mm/a) Cumulative Displacement (mm)  Maximum Displacement (mm)

Cl1 -51.9 -99.6 -123.1
C2 -89.3 -171.1 -180.4
C3 -85.7 -164.3 -165.8
C4 -72.3 -138.6 -138.6
C5 -60.8 -116.6 -116.6
C6 -72.9 -139.7 -140.1

5 CONCLUSIONS

This study employed time-series InSAR techniques to analyze 20 Sentinel-1 SAR images (2022-2023) covering the
Xinjing Mining Area, deriving a mean deformation velocity field and revealing its spatiotemporal evolution patterns.
The reliability of deformation monitoring results was cross-validated using optical remote sensing imagery. Key
conclusions are as follows:

(1) Areas with deformation rates of -10 to -30 mm/a account for 60.6% of the total subsidence zone, predominantly
distributed along the periphery of the main deformation region. Rapid deformation zones (rates < -30 mm/a) cluster
centrally, consistent with the "downward excavation and progressive convergence" mining pattern of open-pit
operations, confirming data validity.

(2) From January 2022 to December 2023, surface deformation in the Xinjing Mining Area progressed through three
distinct phases:The first phase, spanning January to June 2022, was characterized by accelerated deformation, during
which intense ground displacement occurred and the majority of cumulative subsidence in the mining area was
generated. Subsequently, from July 2022 to March 2023, deformation entered a moderate phase marked by reduced
rates of both subsidence velocity and cumulative displacement accumulation, significantly differing from the preceding
period. The final stabilization phase, lasting from April to December 2023, exhibited minimal deformation magnitudes,
including localized uplift anomalies in cumulative displacement. These stabilization trends are attributed to the
successful implementation of post-landslide mitigation measures, including operational suspension and slope
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reinforcement engineering, which effectively suppressed further deformation progression.

(3) InSAR technology effectively monitors mining-induced surface deformation, providing critical data support for
hazard prevention and serving as a vital bridge between geohazard mechanism research and engineering practices. Its
application significantly enhances mine safety management and disaster mitigation capabilities.
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Abstract: In 2015, Zhangjiakou City was selected as the co-host city for the 2022 Winter Olympics. In order to
improve ecosystem service functions, land use types in the region were changed greatly within the short term. Therefore,
existing evaluation methods of the ecosystem service value (ESV) are not applicable to such an underdeveloped region.
With the year of 2015 as the key time node, a dynamic process evaluation method of ESV was established for
Zhangjiakou City based on classic equivalent factors in this study. The five economic coefficients of net primary
productivity (NPP) coefficient, precipitation adjustment coefficient, soil conservation adjustment coefficient, habitat
adjustment coefficient and accessibility adjustment coefficient were introduced into the classic method to correct the
commonly Chinese equivalent factors to obtain the actual ESV. Firstly, the results obtained from the dynamic process
evaluation method could clearly distinguish the changing trend of ecosystem service value (ESV) after the change of
land use type. Secondly, the ESV increment calculated with the dynamic process evaluation method was more sensitive
to land use change. The change in the forest area proportion was the most significant and reached 6.8%, and
corresponding ESV increment was 14.89%. Thirdly, from the perspectives of 11 sub-categories of ecosystem services,
the ESV of hydrological regulation was the largest and reached 30%. The ESVs of food production, raw material
production, maintenance of nutrient cycle, water supply and aesthetic value supply were relatively small. From the
sub-categories of enhancing ecosystem services, the ESV of each sub-category increased after changing land use type.
Fourthly, after the introduction of five economic adjustment coefficients, the ESVs of the other four categories of
ecosystem services, except the ESV of biodiversity, increased significantly after the change in the land use types. The
results indicated that the dynamic evaluation method could better identify the sensitive factors affecting the value of
regional ecosystem services.

Keywords: Dynamic process evaluation; Rapid change in land use types; Ecosystem service value; Zhangjiakou City

1 INTRODUCTION

Ecosystem service refers to the products and services that ecosystem provides for human beings through ecological
structures, functions and processes [1]. In recent years, due to rapid urban expansion and rapid economic development,
human beings have utilized ecosystem services excessively, thus leading to ecosystem degradation [2]. The evaluation
of ecosystem service value (ESV) is the foundation of ecosystem protection and management [3]. However, a widely
accepted evaluation system of ESV has not yet been developed at home and abroad. The differences in evaluation
methods also lead to the significant differences in evaluation results, thus limiting the objective knowledge of
ecosystem service functions and their values.

Two types of ESV evaluation methods are currently available, namely, the functional value evaluation method and the
equivalent factor evaluation method. In the functional value evaluation method, some economic methods are used to
convert the mass of different materials into a unified monetary value [4,5]. This method can accurately measure the size
of certain service functions in a region. However, the evaluation of different service functions often requires different
ecological equations and parameters and the calculation process is more complicated [6]. Therefore, the method is
mostly applied in the regions with developed economy and comprehensive basic data. In addition, when this evaluation
method is used, it is necessary to choose the service function to be evaluated and set corresponding parameters, thus
leading to the great uncertainty in evaluation results and increasing the difficulty in the comparison among the
evaluation results of various ecosystems [7]. The equivalent factor evaluation method was first proposed by Costanza et
al. [4]. According to the proposed method, different ecosystem service functions are divided into different categories
and the equivalent values are obtained based on the meta-analysis results. Then the regional ESV is obtained with the
area of each ecosystem. Compared with the functional value evaluation method, the equivalent factor evaluation method
can evaluate the ESV in a large area more effectively and is widely used. Mendoza-Gonzalez et al. introduced the
economic coefficient to evaluate the ESV along the Gulf Coast [8]. Kreuter et al. investigated the impact of urban
expansion on ESV in Bexar County from 1976 to 1991 by combining land exchange analysis with the ecosystem
service value factor provided by Costanza et al. [9]. Yi et al. evaluated the ecosystem services of the San Antonio River
Basin (SARB) in the United States based on land use change by modifying the global equivalent factors. Richardson et
al. believed that only the immediate ESV value transfer factor could provide meaningful value information to be
transformed [10,11]. Yi et al. pointed out that before the adoption of Costanza's value factor, the economic coefficient

© By the Author(s) 2025, under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0).



22 HeSheng Zhang, et al.

should be corrected [10]. The evaluation results of the equivalent factor method were not reliable if the equivalent factor
could not accurately reflect the ecological background of study areas [12]. After Costanza et al. first expressed
ecosystem services in monetary units, Silvestri et al. [13] evaluated ESVs at different scales, such as global scale [4],
regional scale [5], watershed [14], coastal zones [15], and individual ecosystems, such as wetlands [16], forestland and
highway [17]. However, when the unit value for the global ecosystem proposed by Costanza et al. was applied in other
regions, individual differences were ignored, thus resulting in large errors. In order to solve the current situation of ESV
evaluation in China, Xie et al. conducted a questionnaire survey on more than 700 ecologists based on the evaluation
model proposed by Costanza and others and obtained the “China Ecosystem Service Value Equivalent Factor Table” [5].
The values of mutual contributions between ecosystem service functions and the economic values of farmland food
production services are considered in the table and it is more comprehensive and more targeted than previous evaluation
methods. The method developed by Xie et al. solved the conversion problem of global equivalents per unit area in
China and had been applied in ESV evaluation of various cases from a regional scale to a national scale [18,19].
However, although the equivalent factor method of Xie et al. solved the regional difference between the world and
China, the method evaluated the ESV of the static ecological environment and belonged a static evaluation method.
This method could not achieve an accurate evaluation of the ESV of the changing ecological environment. In order to
accurately reflect the temporal and spatial changes of the ESV, most scholars currently only provided corrections for the
values of food production per unit farmland area. The simple correction was obviously too monotonous and not
consistent with the reality. Based on the equivalent factors proposed by Xie et al., five economic indicators were
introduced to identify the key factors affecting each service function, and then a spatial heterogeneity evaluation model
was established which could reflect the differences in service functions. The model provides a more comprehensive and
objective evaluation methodology for rapidly changed land utilization patterns.

This study is based on the ecological status of Zhangjiakou City, which is located in the northwest of Beijing.
Zhangjiakou City was originally an economically underdeveloped region. The opportunity of 2022 Winter Olympics
promoted its rapid economic development and rapid expansion and the ecosystem services and functions were severely
challenged. In order to enhance the ecological services for the 2022 Winter Olympics, local land utilization pattern was
rapidly transformed within the short term. Therefore, it is necessary to establish a process ESV evaluation method
considering land use change. It can calculate the value of ecosystem service value after land use change, analyze the
important factors affecting ESV increment, and guide the conversion of land use type toward ESV increment direction.
It provides a new idea for the restoration of environmental ecological systems and the sustainable green development in
the region.

2 STUDY AREA AND DATA SOURCES
2.1 Study Area

Zhangjiakou City is located at the junction of Beijing, Hebei, Shanxi, and Inner Mongolia and in the northwestern part
of Hebei Province. It is the meeting point of the Beijing-Tianjin-Hebei Economic Circle. Zhangjiakou City has 6
districts (Qiaodong District, Qiaoxi District, Xuanhua District, Xiahua District, Wanquan District, and Chongli District)
and 10 counties (Zhangbei County, Kangbao County, Wuyuan County, Shangyi County, Yu County, Yangyuan County,
Huai'an County, Huailai County, Zhuolu County, and Chicheng County). Its total area is about 36800 km2
(113°50'~116°30" E, 39°30'~42°10" N). In 2015, Zhangjiakou City was officially confirmed as one of the venues of the
24th Winter Olympic Games. Then, regional land use types and their spatial structures have also undergone significant
changes, which in turn affected the ESV in the region.

2.2 Data Sources

The land use distribution data from 2013 to 2017 were provided by the Land and Resources Bureau of Zhangjiakou City.
The land types in the study area included cultivated land, forest land, grassland, lakes/rivers and unused land. Due to the
small area of wetlands in Zhangjiakou City, wetlands were not considered in the study. The data of the types and prices
of foods were provided by the Zhangjiakou Municipal Development and Reform Commission and the meteorological
data were from the China Meteorological Data Network. Other data were from China Statistical Yearbook and
Zhangjiakou City Economic Statistics Yearbook from 2013 to 2017.

3 METHODS

In this study, the ESV change caused by the land use change in Zhangjiakou City was calculated with the unit area
value equivalent factor method based on dynamic correction. Firstly, we used the Millennium Ecosystem Evaluation
(MA) method as a baseline for the classification of ecosystem services and divided ecosystem services into 11 ESVs.
Then, based on previous studies [20-22], five eco-economic indicators were selected to spatially correct the 11 ESVs
and the annual ESV changes in the two stages were compared in order to explore the impact of venue announcement of
the Winter Olympic Games and the applicability of the process evaluation method in Zhangjiakou City. The plant net
primary productivity index (NPP) is generally positively correlated with food production, raw material production, gas
regulation, climate regulation, the maintenance of circulating nutrients and environment purification [6]. The
precipitation adjustment coefficient could measure the actual level of water supply and hydrological regulation in the
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study area. The soil conservation spatial-temporal adjustment coefficient was used to regulate the soil conservation
function in the study area. The habitat regulation coefficient could modify the biodiversity value according to the
resistance encountered by the organism during migration. The accessibility adjustment coefficient could correct the
cultural aesthetic service value according to the recreation opportunity spectrum theory. Finally, with the dynamically
corrected equivalent factors, the spatial distribution of the ESV of Zhangjiakou City was calculated from the
perspectives of land use and 11 ESV subcategories.

3.1 Division of Study Stages

In 2015, Zhangjiakou City was determined as one of the venues for the 2022 Winter Olympics. The land use type
change in Zhangjiakou City is shown in Fig. 1. The land use situation was significantly changed from 2015 to 2017.
Therefore, we divided the study period from 2013 to 2017 into two stages (one stage from 2013 to 2015 and the other
stage from 2015 to 2017), compared the annual ESV changes in the two stages, and further explored the impact of the
preparation for the Winter Olympic and the applicability of the process evaluation method in Zhangjiakou City.

3.2 Adjustment Coefficient

The correction of the equivalent factor in this study is based on the equivalent factor table proposed by Xie et al. in
2015. In this study, based on the previous study [12], five key ecological economic indicators were selected to spatially
correct 11 ecological service functions as follows:

Fy =F;xE, (G=1,2...5) )
where Fij refers to the equivalent factor of the j-th type of service function of a certain ecosystem in the i-th region; Fj
refers to the national average equivalent factor of the ecosystem (where the first category of service functions include
food production, raw material production, gas regulation, climate regulation, maintenance of nutrient cycling and
environment purification; Category 2 includes water supply and hydrological regulation; Category 3 refers to
biodiversity; Category 4 refers to soil conservation; Category 5 refers to aesthetic landscape); Eij refers to the spatial
regulation factor of the ecosystem in the i-th region for the j-th service function (Eil to Ei5 correspond to five types of
service functions, respectively referred to as NPP regulatory factors, rainfall adjustment factors, habitat quality
adjustment factors, soil erosion degree adjustment factors and accessibility adjustment factor).

3.2.1 NPP adjustment coefficient

Supply service refers to products obtained from ecosystems, such as foods, fuels, fibers, freshwater, and genetic
resources. These service functions are generally positively correlated with biomass. The net primary productivity index
(NPP) reflects the efficiency of carbon fixation and light energy conversion. NPP directly reflects the production
capacity of vegetation community in natural environment and is the main factor regulating the terrestrial ecological
process. The NPP regulation factor is calculated as follows:

E,=N,/N o
where Niv refers to the NPP (tthm-2) of the v-th month in the i-th region of this ecosystem,; represents the national
annual average NPP (t*hm-2) of this ecosystem.

3.2.2 Precipitation adjustment coefficient
The water supply and hydrological regulation are related to the change in precipitation. The precipitation regulation
factors are as follows:

E,=H,/H 3)
where Hiv is the average unit area precipitation (mmehm-2) in the v-th month of the i-th region; H s the average unit
area precipitation (mmehm-2) in the whole country. According to the precipitation data of each meteorological station
in Zhangjiakou from 2013 to 2017, the monthly average precipitation of each region is calculated by Kriging
interpolation in ArcGIS10.2 and the precipitation regulating factor is obtained with Eq. (3).

3.2.3 Soil conservation adjustment coefficient

Based on the most widely used soil loss equation for estimating soil erosion, the adjustment factors of spatio-temporal

variations of soil conservation equivalent factors in different regions are calculated as follows:
E,=E,/E (4)

where Eiv is the simulation amount of soil conservation in the v-th month of the i-th region; E s the average

simulation quantity of soil conservation per unit area in China. In this study, based on the simulation quantity of soil

conservation calculated with the general soil loss equation, the spatiotemporal adjustment factors of soil conservation

were obtained.

3.2.4 Habit quality adjustment coefficient

Creatures encounter different resistances when they migrate between different land types. The greater the resistance is,

the greater the migration difficulty is. The resistance leads to poor habitat quality and affects regional biodiversity levels

[23]. Forest land is the most suitable habitat for terrestrial organisms. Therefore, in this study, forest lands were
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extracted from land use data as the ecological source, whereas other land types were set as cost grids. Cost parameters
were set according to the report by Li. et al [24]. The habitat quality adjustment factor is calculated as follows:

p1[5]
i (&)

where R, is the average resistance of the i-th region and R, is the national average resistance.

3.2.5 Accessibility adjustment coefficient

According to the theory of Recreation Opportunity Spectrum (ROS) [21], cultural service function is determined by two

key factors, namely, entertainment potential index (RPI) and recreation accessibility index. The equivalent factors of

cultural services reflect the RPI of different land ecosystems and the accessibility determines the actual supply level of

cultural services in these ecosystems. The accessibility adjustment factor is calculated as follows:
E.=RD,/RD: ©)

RD

where RD, is the average road density (km/hm2) of the i-th region; i is the national average road density.

3.3 ESV Per Unit Area in Zhangjiakou

In the ESV equivalent factor table revised by Xie et al. in 2015 [6], the economic value of annual natural grain output of
the farmland with an area of 1 hm2 is defined as 1 and the ESV equivalent factors of other ecosystems are the
contribution of corresponding ecosystems to the food production and services of the farmland. The weighted average of
the net profit of corn, naked oats, potatoes and other food crops was treated as the standard equivalent factor value. Due
to the fluctuation of planting area and grain price caused by natural and market factors, the average value of net grain
profit from 2013 to 2017 was taken as the economic value of standard equivalent factor in this study. The equivalent
factors in Zhangjiakou City are shown in Table 1. The economic value of the standard equivalent factor in this study is
calculated as follows: .

19N (¢ picio8IT o

%; pPTX BET 0
P = E.j xE,

Y (®)
where Ea indicates food production value per unit area of farmland (RMB/hm2); i is the crop type, pi is the average
price of the i—th crop (RMB / t); qi is the unit yield of the i—th crop (t/hm2); mi is the area of the i—th crop (hm2); m is

the total area of n crops (hm2); Pij is the unit area value (RMB/(hm2-a)) of the j-th ecosystem services in the i-th region;
¥ is the unit area value equivalent of the j-th ecosystem in the i-th region.
3.4 Dynamic Evaluation Model of Zhangjiakou’s ESV

ESV is calculated as follows:

ESV =) S, xP, o)

A\
where ESV s the total value of regional ecosystem services (RMB); 7 is the area of the j-th ecosystem (hm?2).
4 RESULTS
4.1 ESVs of Different Land-Use Types

According to the dynamic evaluation method, the ESVs of various land use types in Zhangjiakou City from 2013 to
2017 were evaluated with Eq. (9). The ESV of Zhangjiakou City firstly decreased from 2013 to 2015 and then increased
from 2015 to 2017 (Table 2). In 2017, the total ESV of Zhangjiakou City reached ¥ 242.22 billion, which was ¥ 5.06
billion higher than that of 2015, indicating that the process evaluation method could detect the total ESV change in this
area. Fig. 2 shows the ESVs of various land use types. The ESV differences among different types of lands are
significant (Fig. 2). In the study period, forests, lakes and grasslands contributed the majority to the entire ESV, about
90%. Compared to forests, lakes and grasslands, the other two types of land use (farmland and unused land) provided
relatively small ESVs. Among them, the ESV ratio of cultivated land decreased firstly and then increased, and the ESV
of unused land decreased year by year. At the same time, the process evaluation method could identify the sub-category
changes of ESV in the region. The area increments of cultivated lands, forest, lake/river and grasslands in the second
stage were increased compared with those in the first stage (Fig. 3). The area increment of forest land was 6.26% and
corresponding ESV increment was 14.89%. The area increment of cultivated land was 5.60% and corresponding ESV
increment was 14.51%. The area of unused land was decreased by 0.7% and corresponding ESV increment was -8.37%.
The above results indicated that the ESV calculated with the process evaluation method was sensitive to the change in
land use type.
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