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Abstract: Faults, as unique geological structures, disrupt the mechanical connections between rock
masses. During coal mining, faults in the overlying strata can disturb the original stress balance,
leading to fault activation and altering the typical subsidence patterns. This can result in abnormal
ground deformation and significant damage to surface structures, posing a serious geological hazard
in mining areas. This study examines the influence of a known fault (F13 fault) on ground subsidence
in the Wannian Mine of the Fengfeng Mining Area. We utilized 12 Sentinel-1A images and applied
SBAS-InSAR, StaMPS-InSAR, and DS-InSAR time-series InSAR methods, alongside the D-InSAR
method, to investigate surface deformations caused by the F13 fault. The monitoring accuracy of these
methods was evaluated using leveling measurements from 28 surface movement observation stations.
In addition, the density of effective monitoring points and the relative strengths and limitations
of the three time-series methods were compared. The findings indicate that, in low deformation
areas, DS-InSAR has a monitoring accuracy of 7.7 mm, StaMPS-InSAR has a monitoring accuracy of
16.4 mm, and SBAS-InSAR has an accuracy of 19.3 mm.

Keywords: mining subsidence; fault; time-series InSAR; abnormal deformation

1. Introduction

China is one of the leading countries in coal mining and consumption. While the
extensive extraction of coal resources has significantly contributed to rapid economic
and social development, it has also led to various environmental problems [1–3]. These
environmental issues can persist for a considerable time after coal extraction, posing
ongoing threats to the local environment. Ground subsidence, a major geological hazard
induced by human activities during coal mining, is one such issue. The goaf, or the void
left after coal extraction, can create long-term geological hazards, significantly impacting
land use in the mining areas [4]. China has a long history of coal mining, with coal reserves
ranking third globally and annual mining output being the highest globally. Although
the “carbon peak, carbon neutral” strategy aims to reduce coal mining output, coal will
remain a dominant energy source in China for the foreseeable future [5,6]. Due to long-term,
large-scale coal mining, shallow coal seams have been extensively depleted, prompting a
shift toward deeper underground mining in more geologically complex areas. Faults, a
common geological structure encountered in mining activities, are prevalent in coalfields.
The presence of faults alters the typical patterns of mining subsidence, leading to abnormal
surface deformation [7]. Moreover, mining-induced fault activation can trigger various
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mine disasters, such as water inrushes through faults, rock bursts, and coal and gas
outbursts [8]. These events pose significant risks to the safety of underground miners.
Consequently, research on faults primarily focuses on seismology, rock bursts, and the
establishment of waterproof coal pillars in fault zones.

The influence of faults on mining subsidence is a crucial aspect of subsidence monitor-
ing [9]. Traditionally, this monitoring has been conducted using leveling measurements
or GPS-RTK, setting up a series of surface movement observation stations along the direc-
tion and inclination of the mining face to capture surface deformation characteristics [10].
Although these methods provide high accuracy, they are inefficient and costly and re-
quire workers to enter hazardous goaf areas, increasing safety risks. Furthermore, the
limited number of observation points makes it challenging to comprehensively capture
the spatial and temporal characteristics of fault-induced surface deformation, thereby
complicating our understanding of fault disturbance patterns [11]. Numerical simulations
and material analog models are also employed to study the impact of faults on mining
subsidence, but these methods require detailed geological parameter data. By contrast,
differential interferometry using spaceborne synthetic aperture radar and its derivative
time-series InSAR techniques, such as SBAS-InSAR [12], PS-InSAR, StaMPS-InSAR [13],
and DS-InSAR [14], offer high-precision measurements (at the millimeter level) of small
surface deformations. These technologies are being increasingly applied in various fields,
such as landslides [15–19], earthquakes [20,21], urban subsidence [22–28], infrastructure
health monitoring [29,30], and mining subsidence [31–36]. At present, time-series InSAR
technology is the mainstream technology for monitoring ground subsidence caused by coal
mining, widely used for monitoring mining subsidence laws in various mining environ-
ments [37–39] and monitoring secondary disasters in closed mines [40]. Research using
InSAR technology to investigate the effects of fault disturbances on surface deformation
has primarily focused on large regional faults. For example, Yang et al. [41] conducted
a detailed analysis using SBAS-InSAR technology to study fault impacts on surface de-
formation in the Datong Basin. Their findings indicate that ground fissures in Datong
are influenced by groundwater extraction and regional fault activities, including seismic
events and their interaction with ground subsidence. Similarly, Murgia et al. [23] utilized
multi-frequency and multi-temporal InSAR techniques to monitor deformation in Ciudad
Guzmán, Jalisco state, Mexico. Their research demonstrates that subsidence is largely
driven by the exploitation of aquifers, with the spatial distribution of ground deformation
controlled by the locations of underground faults.

The application of InSAR technology to monitor the abnormal distribution of mining
subsidence caused by faults in mining areas is still relatively limited. For example, Diao
et al. [42] employed SBAS-InSAR to study the abnormal surface deformation and building
damage caused by the excavation of working face 162,601 in the Xinsan Mine of the
Fengfeng Mining District. Using seven RadarSat-2 SAR images from October 2013 to March
2014, they found that the spatial distribution of surface deformation aligned with the strike
of the F29 fault. This suggests that the abnormal damage to buildings in Shiqiao Village
was closely related to the presence of this fault. Similarly, Qin et al. [43] employed Stacking
InSAR combined with FDM-3D modeling to examine the surface deformation patterns
influenced by the F0 fault during the mining activities in the Fanggezhuang coal mine.

Time-series InSAR technology is a crucial tool for monitoring abnormal deforma-
tion in mining areas. By utilizing the high-precision time-series monitoring of surface
deformation through images captured at specific intervals, it is possible to analyze the
spatiotemporal dynamics of abnormal deformation caused by faults. This study focuses
on the Wannian Mine in the Fengfeng Mining Area and employs advanced time-series
InSAR analysis techniques, such as SBAS-InSAR, StaMPS-InSAR, and DS-InSAR, to in-
vestigate the spatiotemporal process of surface deformation disturbances induced by the
F13 fault. The underlying causes of “abnormal deformation” are explored through the
mechanism of mining subsidence. The monitoring accuracy of these time-series methods
and their effectiveness in detecting “abnormal deformation” in mining areas are assessed
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using on-site leveling data, providing valuable insights for “abnormal deformation” in
mining environments.

2. Methods and Principles

The SBAS-InSAR method is a commonly used technique for monitoring deformation
in mining areas. Although the subsidence caused by mining subsidence in mining areas
does not satisfy the “linear deformation model” in a short period of time, this method can
accurately acquire deformation information for areas with small subsidence levels and
approximate linear deformation. StaMPS-InSAR technology is commonly used to monitor
residual subsidence in mined-out areas or monitor the “activation” of old mined-out areas,
fully demonstrating its strong monitoring capability for small deformations. The main
role of the DS-InSAR method in monitoring deformation in mining areas is to increase the
density of effective monitoring points. To better analyze the disturbance effect of faults
on surface deformation caused by coal mining, three temporal InSAR techniques, namely
SBAS-InSAR, StaMPS-InSAR, and DS-InSAR, were used to monitor surface deformation in
the study area. Cross-validation was performed with leveling measurement results from
the same period to obtain the spatiotemporal process of surface deformation caused by
fault disturbances. The overall technical workflow is illustrated in Figure 1.
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Figure 1. Technical roadmap overview. Figure 1. Technical roadmap overview.

2.1. Principles of SBAS InSAR Technology

SBAS-InSAR technology synthesizes all available small baseline interferometric pairs
simply and efficiently. It calculates the deformation rate and time-series deformation of
coherent targets based on the minimum norm criterion of the deformation rate, using the
SVD method. By utilizing all the acquired data within the differential small baseline set,
SBAS-InSAR increases the temporal sampling rate while providing high spatial density
for deformation measurements. This method is widely used in time-series InSAR analysis,
particularly for urban deformation and mining applications, and has proven to deliver
reliable results. The SBAS-InSAR technique was proposed by Berardino et al. [12] in 2002.

Assuming there are N + 1 (where N is an odd number) single-look complex SAR
images with acquisition times t0,..., tN, the images are grouped based on a set vertical
baseline threshold (for example, 300 m). Differential interferometric processing is then
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performed on the images within each group. The number of interferograms, K, that can be
generated from these images satisfies the following condition:

N + 1
2

≤ K ≤ N(
N + 1

2
) (1)

For a point (x, r) on the j-th interferogram, its deformation phase is calculated by
subtracting the remaining deformation phase from the two images acquired at times tA and
tB, after removing the topographic phase. This can be expressed as:

δϕj(x, r) = ϕ(tB, x, r)− ϕ(tA, x, r)
≈ 4π

λ [d(tB, x, r)− d(tA, x, r)] + ∆ϕ
topo
j + ∆ϕatm

j + ∆ϕnoise
j

(2)

In the equation above, d(tB, x, r) and d(tA, x, r) represent the surface deformations in
the line-of-sight (LOS) direction relative to the reference time t0 at times tA and tB for the
points (x, r), ∆ϕ

topo
j is the topographic residual phase, ∆ϕatm

j is the atmospheric phase, and

∆ϕnoise
j represents other noise phases.

After removing the topographic residual phase and atmospheric phase from the
differential interference phases, Equation (2) can be simplified as:

δϕj(x, r) ≈ 4π

λ
[d(tB, x, r)− d(tA, x, r)] (3)

Assuming that the deformation rate within two adjacent time intervals is linear or
approximately linear, the deformation value of the interference phase can be expressed as:

δϕj =

IEj

∑
i=ISj+1

(ti − ti−1)vi, j = 1, . . . , K (4)

Thus, a new matrix equation can be obtained, as:

δΦ = Bv (5)

where B represents the matrix of K × N. For the j-th row, the columns corresponding to the
master and slave images B(j, i) = (ti − ti−1) are included, while all other columns are set
to zero, B(j, i) = 0. To obtain the average phase rate in the LOS direction in the sense of
minimum norm, singular value decomposition must be performed on matrix B.

2.2. Principle of StaMPS-InSAR Technology

The core concept of StaMPS-InSAR technology is to identify certain targets on the
ground, known as permanent scatterers, and separate the radar signals from the noise
using specific spatiotemporal filtering methods [13]. This approach leverages the fact that
different parts of the signal in the interferometric phase exhibit varying spatiotemporal
characteristics. Consequently, StaMPS-InSAR does not require a predefined deformation
model; instead, it derives surface deformation information through phase filtering and
three-dimensional phase unwrapping.

The StaMPS-InSAR algorithm operates using a single reference image, with all other
images registered to this reference to generate interferograms. The interferometric phase is
then decomposed into four components: spatial correlation, vertical baseline correlation,
temporal correlation, and noise phase:

ϕi,k
P = ϕi,k

S + ϕi,k
B + ϕi,k

T + ϕi,k
N (6)

where ϕi,k
P represents the differential interferometric phase of the target point P between

the i-th and K-th images; ϕi,k
S denotes the spatially correlated phase, which includes the
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atmospheric phase, orbital error, spatially correlated DEM errors, and surface deformation
phase; ϕi,k

B indicates the phase related to the vertical baseline, mainly due to different inci-
dent angles; ϕi,k

T signifies the time-dependent phase, which includes spatially uncorrelated
surface deformation and seasonal atmospheric phase variations; and ϕi,k

N is the noise phase.
Hooper suggests that the spatial phase can be filtered out using a spatial domain low-

pass filter. After removing the spatially correlated phase from the differential phase, the
remaining components are minimal and primarily consist of phases related to the baseline
and residual noise [13]. The non-spatially correlated parts include the deformation phase,
atmospheric contribution phase, and orbit error phase, which are significantly reduced:

ϕi,k
P − ϕ

i,k
P = ϕi,k

B + ϕi,k
N − ϕ

i,k
N (7)

We defined a parameter based on the temporal coherence of pixels to assess whether a
pixel qualifies as a PS point. This parameter is expressed as follows:

γ =
1
N

∣∣∣∑N
i=1 (ϕ

i
P − ϕ

i
P − ϕ̂i

B

)∣∣∣ (8)

where γ represents the phase stability factor, N denotes the total number of differential
interferograms, ϕi

P is the differential interferometric phase of the i-th differential interfero-
gram, ϕ

i
P is the mean differential interferometric phase of the i-th interferogram at a given

spatial scale, and ϕ̂i
B represents the estimated residual phase of the terrain. By evaluating γ,

it can be determined whether the point is a stable phase.
When the phase at a point is stable, the absolute deformation value must be recov-

ered from the phase value through a process known as phase unwrapping. The StaMPS-
InSAR technology utilizes a three-dimensional phase unwrapping algorithm to obtain
the absolute interferometric phase [44]. After phase unwrapping, the atmospheric effect
phase can be filtered out using a time high-pass filter, allowing for the extraction of the
deformation phase.

2.3. Principles of DS-InSAR Technology

The core step of DS-InSAR technology involves homogeneous pixel filtering, which
encompasses two main aspects: homogeneous point recognition and phase optimization.
Homogeneous point recognition utilizes pixel statistical information to assess the similarity
between central pixels and their neighboring pixels, selecting those that are homoge-
neous [45]. A commonly used method for identifying homogeneous points is hypothesis
testing. The FaSHPS method applies hypothesis testing principles to convert the problem
into confidence interval estimation [46]. By determining the confidence interval, the al-
gorithm can assess the similarity between candidate points and reference points through
logical operations. This approach significantly enhances the efficiency of homogeneous
pixel selection while maintaining accuracy.

The principle is as follows: Given N time-series SAR images, for any DS point p to
be estimated, the expected sample µ(p) estimate can be expressed as A(p) = (A1(p) +
A2(p) + · · ·+ AN(p))/N. According to the central limit theorem, when N is sufficiently
large, A(p) follows a Gaussian distribution, which can be expressed as:

P
{

µ(p)− z1−α/2 ·
√

Var(A(p))/N <
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1

1

ˆ ˆˆ ˆ ˆRe( exp( ( )))arg max
N N

mn om on
mnm n m

T T j
ϕ

ϕ ϕ ϕ−

= >

  = − − +   
MLφ   (11)

where T̂  represents the sample coherence matrix estimated from all homogeneous pixel 
sets; mnϕ  denotes the interferometric phase value obtained by combining the mth and nth 
SAR images to form an interference; ˆomϕ  represents the interferogram between the main 
image and the m-th scene image; and ˆonϕ  denotes the interferogram between the main 
image and the nth scene image. Using Equation (11) and applying an unconstrained non-
linear optimization method, the maximum likelihood estimation value of the phase can 
be theoretically determined. The interferometric phase values in the sample coherence 
matrix T̂  represent the phase differences between each interferogram pair, reflecting the 
relative relationship between the unknown parameters iϕ  . This estimation problem is 
underdetermined. In practical processing, the interference phase of the first interferogram 

0ϕ  can be set to zero (for example, by the conjugate multiplication of the main image with 

(p) < µ(p) + z1−α/2 ·
√

Var(A(p))/N
}

= 1 − α (9)

In Formula (9), P{ } represents probability, z1−α/2 denotes the quantile of the standard
normal distribution, and Var(A(p)) indicates the true variance of point p. According to
the statistical theory of SAR images, in homogeneous regions, the intensity of single-view
SAR images follows a Rayleigh distribution, with a coefficient of variation, denoted as
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CV =
√

4/π − 1 ≈ 0.52. Therefore, the equation can be simplified to an interval that only
contains, expressed as:

P
{

µ(p)− z1−α/2 · 0.52 · µ(p)/
√

N <
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where T̂  represents the sample coherence matrix estimated from all homogeneous pixel 
sets; mnϕ  denotes the interferometric phase value obtained by combining the mth and nth 
SAR images to form an interference; ˆomϕ  represents the interferogram between the main 
image and the m-th scene image; and ˆonϕ  denotes the interferogram between the main 
image and the nth scene image. Using Equation (11) and applying an unconstrained non-
linear optimization method, the maximum likelihood estimation value of the phase can 
be theoretically determined. The interferometric phase values in the sample coherence 
matrix T̂  represent the phase differences between each interferogram pair, reflecting the 
relative relationship between the unknown parameters iϕ  . This estimation problem is 
underdetermined. In practical processing, the interference phase of the first interferogram 

0ϕ  can be set to zero (for example, by the conjugate multiplication of the main image with 

(p) < µ(p) + z1−α/2 · 0.52 · µ(p)/
√

N
}
= 1 − α (10)

When µ(p) is known, Equation (10) yields a definite interval. In practical processing,
for assumed reference pixels pk, the true value of A(pk) is estimated as µ(pk) ≈ A(pk).
Therefore, a point where the mean of all samples falls within this interval can be identified
as a homogeneous point.

After selecting homogeneous pixels, phase optimization is crucial for accurately ex-
tracting deformation information. The distributed scatterer pixels, prior to optimization,
often contain significant decoherence noise, which adversely affects the phase quality.
Phase optimization relies on the principle of phase triangulation, which estimates the phase
sequence of a single reference image using the interferometric phase from multiple images
for each pixel. This method effectively removes coherent noise from distributed target
pixels by estimating the phase related to the path length difference between the target
and the sensor. A commonly used phase optimization method is maximum likelihood
estimation. This approach maximizes the joint probability density of all SAR image ampli-
tudes across multiple windows. The joint probability density function is computed from
the probability density functions of all distributed target pixels within the homogeneous
pixel set. The maximum likelihood estimation value serves as the optimized phase for
the distributed target. The phase optimization function estimator based on the maximum
likelihood estimation method is expressed by Equation (11):
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where T̂ represents the sample coherence matrix estimated from all homogeneous pixel
sets; φmn denotes the interferometric phase value obtained by combining the mth and
nth SAR images to form an interference; φ̂om represents the interferogram between the
main image and the m-th scene image; and φ̂on denotes the interferogram between the
main image and the nth scene image. Using Equation (11) and applying an unconstrained
nonlinear optimization method, the maximum likelihood estimation value of the phase
can be theoretically determined. The interferometric phase values in the sample coherence
matrix T̂ represent the phase differences between each interferogram pair, reflecting the
relative relationship between the unknown parameters φi. This estimation problem is
underdetermined. In practical processing, the interference phase of the first interferogram
φ0 can be set to zero (for example, by the conjugate multiplication of the main image with
itself). Given the established constraints φ0 = 0, this is equivalent to uniformly subtracting
φ0 from the N-optimized phases φi. Consequently, the final optimized phase for distributed
targets, obtained using the maximum likelihood estimation method, can be expressed as:

^
φ = [exp(j(φ̂0 − φ̂0)), exp(j(φ̂1 − φ̂0)), exp(j(φ̂2 − φ̂0)), · · · , exp(j(φ̂N−1 − φ̂0))]

T

= [1, exp(jφ̂1,0), exp(jφ̂2,0), · · · , exp(jφ̂N−1,0)]
T (12)

The optimized phase can be determined using the iterative quasi-Newton method.
Once the optimized phase is acquired, the deformation rate and total deformation in the
study area can be derived by constructing a triangular network and applying 3D phase
unwrapping techniques.

3. Overview and Data of the Research Area
3.1. Overview of the Research Area

The Wannian Mine is situated in the Fengfeng Mining Area of Handan City, Hebei
Province. The mining area extends approximately 9 km from north to south and 1–4 km
from east to west, covering a total area of 21.2 km2. This region is known for its high-quality
smokeless coal. The average thickness of the coal seam currently being mined is around
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4 m. The mine’s designed annual production capacity is 1.8 million tons, with mining
operations conducted at elevations ranging from 325 to −750 m. The specific research area
of interest is near Boyan Town in Handan City. Boyan Town features flat terrain that gently
slopes from south to north. The highest elevation in the area is Gu Mountain, standing at
860 m, while the lowest point is 196 m above sea level. The town is situated on an open
alluvial plain at the northern base of Gu Mountain and the southern bank of a river. It is
a historically significant town located at the junction of the Taihang Mountains and the
eastern plain, bordered by Taihang Mountain to the west and North China Plain to the
east. This strategic location serves as a vital conduit linking Shanxi, Hebei, and Henan
provinces and is noted as one of the earliest important commercial towns in Wu’an City.
In 2013, the town was designated as a famous historical and cultural town in China. The
research area encompasses four working faces: 132,610, 132,158, 132,619, and 132,615. The
132,610 working face was mined from 2014 to 2017. Due to its distance from the F13 fault,
the fault did not cause any disturbance to the surface deformation resulting from mining
on this working face. The 132,158 face was mined from August 2019 to July 2020; and
the 132,619 face was active from January 2020 to October 2020. Details of mining-related
parameters for these working faces are provided in Table 1. As illustrated in Figure 2,
there is a structural fault to the east of the 132,158 working face, which is named the F13
fault, characterized by a 100-meter drop and a dip angle of 65◦. The F13 fault runs roughly
parallel to the mining direction of the face and has an average burial depth of 736 me. The
average mining depth at the 132,158 working face is 675 m, with a main influence angle of
59◦, and it is situated on the hanging wall of the fault.

Table 1. Parameters of the working face.

Working Face Mining Time Span Mining Depth (m) Mining Thickness (m) Dip Angle of Coal Seam (◦)

132,610 2015.01–2017.02 700–880 5 25
132,158 2019.08–2020.07 750–900 4 24
132,619 2020.01–2020.10 600–750 4 17Remote Sens. 2025, 17, x FOR PEER REVIEW  8  of  25 
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3.2. Data Introduction

For the time-series InSAR technology processing, considering the comparison with
leveling data, 12 Sentinel-1A images imaging in the two leveling measurement periods and
30-meter SRTM-DEM data were utilized. To monitor surface subsidence, 28 surface move-
ment observation stations were established within the study area. Leveling measurements
were conducted on 5 January 2020 and 3 May 2020 to obtain deformation results for these
observation stations. The parameters of the Sentinel-1A images are detailed in Table 2.

Table 2. Sentinel-1A parameters.

Parameter Value

Wavelength 5.6 cm
Imaging mode IW

swath IW2
Central incidence angle (referring to the area) 37.5◦

Polarization mode VH
Orbital direction Ascending

Azimuth/Rang pixel spacing 13.96 m × 2.33 m

4. Monitoring Results and Analysis
4.1. Analysis of SBAS-InSAR Monitoring Results

SBAS-InSAR technology was employed to analyze 12 Sentinel-1a images covering
the study area. To ensure a high coherence in the differential interferometry calcula-
tions, constraints were placed on the selection of a 36-day temporal baseline, and the
spatial baseline was set to 5% of the critical baseline. This approach resulted in a total of
29 interferometric pairs used to calculate cumulative deformation and deformation rates.
The spatiotemporal baseline configuration is depicted in Figure 3, where the longest spatial
baseline is 97.8 m and the shortest is 2.35 m. The time-series deformation results derived
from this process are shown in Figure 4.
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The time-series deformation map generated by SBAS-InSAR technology reveals that,
as the mining face advances, the surface deformation continually expands, clearly show-
ing a “subsidence-uplift” boundary at the fault outcrop. In the deformation map from
29 December 2019 to 10 January 2020, the “subsidence-uplift” at the fault outcrop is no-
ticeable. This phenomenon becomes even more pronounced in the subsequent cumulative
deformation maps, indicating that the fault’s disturbance effect on the stress distribution
of the overlying rock strata above the mining face was active during this period. The
overlying rock strata above the mining face have not yet reached stress equilibrium, leading
to ongoing surface deformation. From 19 December 2019 to 15 February 2020, a “subsidence
funnel” phenomenon is observed on the west side of the fault outcrop. As the mining face
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continues to progress, both the deformation and its range above the mining face expand,
and the “subsidence funnel” on the west side of the fault outcrop also grows. This pattern
is highly consistent with the surface deformation response mechanism of mining activities
on the hanging wall of a fault. Due to the significant mining depth and fault displacement
of this mining face, the fault’s disturbance effects on the mining operations are prolonged.

The SBAS InSAR method is based on the principle of least squares to obtain defor-
mation variables, while also obtaining deformation rates that reflect deformation trends.
As shown in Figure 5, setting a certain transparency of the deformation rate and over-
laying it with the drone image map can intuitively obtain the deformation trend of the
surface rupture zone. Due to the linear model used by SBAS-INSAR in solving rates, it
can achieve a high monitoring accuracy in small-scale deformation areas (approximately
linear deformation) and reflect the trend of deformation in large-scale deformation areas
that do not meet the linear model requirements. However, it is difficult to obtain accurate
deformation variables.
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4.2. StaMPS-InSAR Results

Using the 10 March 2020 image as the reference, 12 Sentinel-1A images were processed
following the StaMPS-InSAR data processing method to generate a deformation rate map
of the study area, as illustrated in Figure 6.
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As illustrated in Figure 6, the StaMPS-InSAR method provides a relatively sparse dis-
tribution of effective monitoring points in this area, yet it delineates the “subsidence-uplift”
boundary at the fault’s surface exposure. In addition, the deformation rate distribution
derived from the StaMPS-InSAR method effectively captures the “subsidence funnel” on
the west side of the fault surface, which is associated with the creation of detachment
space. The eastern side, directly above the mining face, is located in the farmland area. Due
to significant crop coverage and considerable deformation, as indicated by SBAS-InSAR,
this area experiences severe temporal and spatial-phase mismatches, resulting in a poor
temporal-phase stability. Consequently, the StaMPS-InSAR method is unable to provide
effective monitoring for this area, leading to a lack of deformation data. Photographs taken
on-site reveal that, in the fault’s surface rupture zone, the stress redistribution induced by
fault disturbance causes a “subsidence-uplift” on the surface, leading to varying degrees
of damage to surface structures, including the destruction of ancient buildings in Boyan
Ancient Town.
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4.3. DS-InSAR Results

Using the 10 March 2020 image as the primary reference, 12 Sentinel-1A images were
processed through the DS-InSAR method to generate the deformation rate map for the
study area, as depicted in Figure 7.
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Figure 7. The deformation rate map of the study area was obtained using the DS−InSAR method.

As depicted in Figure 7, the DS-InSAR method significantly increases the density
of effective monitoring points. In addition, the DS-InSAR method effectively identifies
the “subsidence-uplift” phenomenon at the exposed fault surface. The deformation rate
determined by the DS-InSAR method can detect the “subsidence funnel” created by the
detachment space on the west side of the fault surface outcrop. On-site photographs
reveal that, in the surface rupture zone, the redistribution of geological stress due to
fault disturbance has severely damaged surface structures, leading to the destruction of
many houses.

4.4. Verification of Monitoring Accuracy

To verify the reliability of time-series InSAR in capturing surface deformation infor-
mation, 28 surface movement observation stations were established along the dip direction.
To ensure the verification effect, in the absence of time-series InSAR monitoring results at
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the surface movement observation station, the nearest point is searched for with a radius of
20 m from the center of the point. If no nearest point is found, the time-series InSAR mon-
itoring results of the observation station are null. Two phases of leveling measurements
were carried out to obtain surface subsidence data. For the convenience and safety of
conducting leveling measurements, these observation stations were positioned along the
highway. To ensure consistent comparison results, the LOS deformation measurements
obtained from time-series InSAR were converted into vertical downward deformation. This
conversion was based on the SAR imaging geometry relationship, taking into account the
local incident angle. The conversion formula is presented in Equation (13):

DV =
DLOS
cosθ

(13)

In Formula (13), DV represents vertical deformation, DLOS represents LOS deforma-
tion, and θ represents the local incident angle. Figure 8 shows the analysis of leveling
observation data, SBAS-InSAR monitoring data, StaMPS-InSAR monitoring data, and
DS-InSAR data from the surface movement observation stations.
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Figure 8. Comparison of monitoring data from 28 surface movement observation stations.

In Figure 8, it is evident that the SBAS-InSAR, StaMPS-InSAR, and DS-InSAR methods
all show less satisfactory monitoring results in areas with significant deformation levels
(indicated by the black dashed box in Figure 8) compared to the leveling measurements.
Although the SBAS-InSAR method is capable of monitoring large deformation levels, it still
tends to underestimate the actual deformation. The StaMPS-InSAR method significantly
underestimates deformation in areas with substantial deformation, while the DS-InSAR
method, despite phase optimization, also results in a considerable underestimation of defor-
mation. This discrepancy arises because the region experiences high levels of deformation
and low image coherence, leading to phase unwrapping errors and underestimation of
the deformation. The monitoring accuracy of the three methods was assessed using the
leveling data from 28 surface movement observation stations. The SBAS-InSAR method has
a root mean square error (RMSE) of 41.3 mm and a maximum absolute deviation (MAD)
of 95.4 mm, occurring at point 6. The StaMPS-InSAR method has an RMSE of 71.2 mm
and a MAD of 196.3 mm, occurring at point 9. The DS-InSAR method shows an RMSE of
87.7 mm and a MAD of 224.9 mm, also at point 9. When excluding the monitoring data
from the areas of significant deformation (points 5–16), the RMSE and MAD of the three
methods were evaluated. The SBAS-InSAR method exhibited an RMSE of 19.3 mm, with
the maximum absolute deviation being 31.7 mm, observed at point 4. The StaMPS-InSAR
method has an RMSE of 16.4 mm and a maximum absolute deviation of 34.3 mm, also
occurring at point 4. The DS-InSAR method demonstrated the highest accuracy, with an
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RMSE of 7.7 mm and a maximum absolute deviation of 23.0 mm at point 4. A detailed
comparison of the accuracy metrics for these methods is presented in Table 3.

Table 3. Comparison of monitoring accuracy of three time-series InSAR methods (in mm).

28 Ground Movement Observation Stations 16 Ground Movement Observation Stations

SBAS-InSAR StaMPS-InSAR DS-InSAR SBAS-InSAR StaMPS-InSAR DS-InSAR

RMSE 41.3 71.2 87.7 19.3 16.4 7.7
MAD 95.4 196.3 224.9 31.7 34.4 23

5. Discussion
5.1. Mechanism of the Influence of Faults on Surface Deformation

According to the theory of mining subsidence, extracting coal seams alters the origi-
nal stress distribution near the mining face. This disturbance leads to rock movement as
the system seeks a new stress equilibrium, manifesting on the surface as ground subsi-
dence [47]. When faults are present in the rock layers near the mining face, they disrupt
the original stress distribution, resulting in abnormal deformation [48]. Figure 9 illustrates
the mechanism of surface deformation during mining on the hanging wall of a fault. This
simulation, constructed with ideal parameters, does not account for the effects of coal
seam inclination and loose layer thickness on deformation transfer. Figure 9 primarily
aims to demonstrate the fault disturbance. In real scenarios, the geological parameters are
more complex, and the presence of inclined coal seams and loose layers further influences
deformation transfer. Consequently, the spatiotemporal dynamics of surface deformation
captured by Sentinel-1A images reflect this complexity.

After coal seam mining, the overlying rock layers are categorized based on their
strength into four distinct parts: the key layer, the weak rock layer beneath the key layer,
the weak rock layer above the key layer, and the loose layer [49]. As the mining progresses,
the extraction of coal results in pressure release through top caving. This causes the
overlying rock strata to fracture and collapse behind the mining face, creating a fractured
space above the goaf and establishing a roof collapse angle β. This angle is the inclination
between the fracture surface and the roof layer directed toward the goaf. The roof collapse
angle influences surface subsidence by shifting the inflection point of the subsidence curve
toward the goaf direction, which is a significant factor in surface subsidence. When the
collapse angle of the roof is less than the dip angle, α, of the fault, the weak rock layer
below the key layer tends to tilt toward the goaf due to gravity and the load of the upper
rock layers. The compressibility of the collapsed rock in the goaf causes the weak rock
layer below the key layer to generate a detachment space on the fault plane. According
to masonry beam theory, in the presence of a fault in the overlying rock layer, before
the key layer fractures initially, the key layer acts as a “fixed support” at one end. The
separation space created by the key layer and the lower weak rock layer triggers movement
in the upper weak rock layer, leading to further separation at the fault junction [50]. This
detachment space causes a change in the stress of the upper loose layer, equivalent to a goaf,
resulting in the formation of a “subsidence funnel” above the detachment space. From a
mechanical perspective, when the working face does not affect the fault area and the cover
layer remains undamaged, the rock structure behaves as a cemented beam, as depicted
in Figure 9a. Here, the rock beam bends and fractures above the goaf, with both ends
providing horizontal and vertical stress constraints and transmitting bending moments.
As the working face advances and the stress changes in the cover layer impact the fault
plane, the mechanical strength of the weak fault plane is considerably lower than that of
the cover layer. Consequently, the endpoint of the cover layer near the fault gradually
transforms into a simply supported beam structure, as shown in Figure 9b. This structure
is characterized by vertical displacement constraints and the ability of the beam end to
rotate freely.
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5.2. Analysis of Fault-Induced Disturbances on Surface Deformation

To assess the effects of mining activities on faults, a time-series differential interfero-
gram sequence was obtained, as shown in Figure 10. Surface subsidence occurred between
29 December 2019 and 10 January 2020, due to underground mining at the 132,158 working
face. During this period, the average coherence of the differential interferogram, created
from two images, was 0.38 in the study area. High levels of noise in the interferogram
resulted in blurred deformation boundaries, making it difficult to determine whether the
fault had an impact on the deformation. From 10 January to 22 January 2020, the surface
continued to subside, and the average coherence coefficient increased to 0.42. Although
the noise level remained high, phase discontinuities (highlighted in the black box) were
observed when the deformation reached the fault outcrop, indicating that the fault began
to influence the distribution of surface deformation during this period.

Between 22 January and 3 February 2020, significant surface subsidence was observed,
with clear subsidence boundaries and an average coherence coefficient of 0.59. The noise
level in the differential interferogram was lower, revealing distinct discontinuities in defor-
mation at the fault outcrop. From 3 February to 15 February 2020, there was continued and
significant subsidence, with the average coherence coefficient increasing to 0.63 and a low
noise level. Deformation was discontinuous and intensified at the fault outcrop, forming
a subsidence funnel near the fault, suggesting that a detachment space may have formed
due to fault activation. From 15 February to 27 February 2020, subsidence persisted, and



Remote Sens. 2024, 16, 4811 16 of 23

deformation discontinuities were evident at the exposed fault surface. The average coher-
ence coefficient decreased to 0.39, with a noise level that made it challenging to confirm
whether the fault continued to affect surface deformation.
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From 27 February to 10 March 2020, the surface continued to sink, with an average
coherence coefficient of 0.37 and high noise levels, yet it was still inferred that the fault
influenced the distribution of surface deformation. From 10 March to 22 March 2020,
substantial subsidence occurred, with an average coherence coefficient of 0.5 and mod-
erate noise levels. Significant deformation discontinuities were observed at the exposed
fault, indicating ongoing fault interference with surface deformation distribution. Between
22 March and 3 April 2020, the surface continued subsiding, with an average coherence co-
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efficient of 0.45 and high noise levels, showing a weakening of deformation discontinuities
at the fault exposure.

From 3 April to 15 April 2020, deformation continued with an average coherence
coefficient of 0.42 with high noise levels in the interferogram, with no visible discontinu-
ous signals at the fault exposure. From 15 April to 27 April 2020, subsidence continued,
with an average coherence coefficient of 0.41 and high noise levels, showing no phase
change signals at the fault exposure, suggesting that the disturbance effect of the fault
on surface deformation had mostly ceased. From 27 April to 9 May 2020, the average
coherence coefficient further decreased to 0.34, and the high noise level made it difficult to
distinguish deformation phases from noise phases. The cumulative temporal deformation
map obtained using the SBAS-InSAR method (Figure 4) shows continued surface deforma-
tion during this period. The three-dimensional cumulative deformation map (Figure 11)
highlights a small “sinking funnel” near the surface “uplift” at the fault outcrop. This
observation aligns with the theory of secondary subsidence caused by “separation space”
formulation on the fault hanging wall during mining, confirming that fault disturbances
during coal mining can lead to significant geological hazards and increased damage to
surface structures.
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5.3. Comparison of Three Time-Series InSAR Methods

The mainstream temporal InSAR technologies, SBAS-InSAR, StaMPS-InSAR, and DS-
InSAR, were used to monitor surface deformation patterns caused by mining subsidence in
areas affected by fault disturbances. This analysis focused on two key aspects: monitoring
accuracy and effective point density.

Measurement accuracy has been a significant concern in time-series InSAR data pro-
cessing. Various approaches have been proposed to extract deformation information from
differential interferometric phases. For instance, SBAS-InSAR employs SVD to address the
rank efficiency in observation equations, enabling the optimal calculation of deformation
rates. StaMPS-InSAR derives deformation information by applying spatiotemporal filtering
to stable point phases, whereas DS-InSAR optimizes the phase of numerous distributed
scatterer targets through 3D phase unwrapping to obtain deformation data.

In this study, all three methods were applied to gather surface deformation informa-
tion, with the accuracy of monitoring assessed against leveling measurements from surface
movement observation stations (refer to Figure 8 and Table 3). According to Figure 8,
SBAS-InSAR shows the closest alignment with the leveling data. However, within the
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black dashed box, SBAS-InSAR tends to underestimate deformation at the center of the
subsidence basin, a known issue for this method in mining subsidence monitoring. This
underestimation is due to several factors: (1) high deformation gradients in extensive
deformation zones exceed the unwrapping threshold of D-InSAR, leading to an underes-
timation of deformation; (2) low coherence in these regions results in phase unwrapping
errors and phase underestimation; and (3) inherent issues with the SVD method, which sets
the incremental phase delay between different baseline subsets to zero, potentially cause
inaccuracies and deformation underestimation [51].

The StaMPS-InSAR method shows less agreement with leveling data in high defor-
mation areas (indicated by the black dashed box), mainly because of large deformation
gradients and severe phase decoherence, leading to errors in 3D phase unwrapping. DS-
InSAR demonstrates the poorest fit in this large deformation trend opposite to the leveling
measurements. This discrepancy arises from the large deformation gradient, which vio-
lates the “phase triangulation” requirement during phase optimization, leading to phase
optimization errors [52]. In addition, severe decoherence significantly contributes to these
errors. In areas of minor deformation, the monitoring accuracy of the three methods
was validated using data from 16 surface movement monitoring stations. The DS-InSAR
method achieved the highest accuracy of 7.7 mm, followed by StaMPS-InSAR at 16.4 mm,
and SBAS-InSAR at 19.3 mm. The differences in accuracy can be attributed to the distinct
strategies each InSAR method employs to extract deformation signals from differential
interferometric phases. In areas of small-scale deformation, where phases meet the “triakis”
condition, DS-InSAR can accurately optimize the phases of distributed targets, enhancing
phase stability, coherence, and phase unwrapping quality, leading to precise monitoring re-
sults [53]. The StaMPS-InSAR method uses spatiotemporal filtering to differentiate between
signals and noise. However, due to significant vegetation coverage and seasonal changes
affecting vegetation growth, this method struggles with temporal incoherence, resulting in
residual noise signals that compromise the accuracy of deformation data extraction. Finally,
the SBAS-InSAR method, which combines temporal and spatial baselines, introduces more
temporal decorrelation noise as the temporal baseline extends, particularly due to seasonal
vegetation growth, which reduces the accuracy of deformation data extraction during the
combination of an interference pair.

A higher effective monitoring point density reveals the disturbance process of faults
on mining-induced subsidence. However, in practice, this density can vary significantly
due to factors such as surface deformation gradients, temporal constraints, and the data
processing strategies used. In this study, a coherence parameter threshold of 0.2 was chosen
for SBAS-InSAR data processing, allowing the phase unwrapping of points with coherence
greater than 0.2. As a result, the SBAS-InSAR method produced very few null points, and
the effective monitoring point density was nearly equivalent to that of area observations.
By contrast, the StaMPS-InSAR method showed a sparse effective monitoring point density
in this region, particularly in areas with large deformations, where almost no effective
monitoring points are available. This resulted in missing data from surface movement
observation stations 6, 7, and 8 during accuracy verification. The sparse density in the
StaMPS-InSAR method is mainly due to its point selection strategy.

The StaMPS-InSAR method initially employs an amplitude deviation index to prelim-
inarily select monitoring points, followed by an iterative analysis of the temporal phase
stability of these points. Only those points with stable phases over the time series are
retained as effective monitoring points. In areas with significant deformation, the effective
monitoring points are extremely sparse due to the combined effects of deformation gradi-
ents and temporal decoherence. By contrast, the DS-InSAR method achieved a high point
monitoring density in this study because the area contained a large number of distributed
scattering targets, which are also affected by deformation gradients and temporal decoher-
ence. However, after phase optimization, the temporal phase stability of these scatterer
targets was enhanced, leading to improved coherence and facilitating the acquisition of
high-precision deformation data. As depicted in Figure 12, following phase optimization
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(Figure 12b), there is a noticeable improvement in the overall coherence, with the average
coherence of the entire scene increasing from 0.45 to 0.65. Figure 12c further illustrates that,
while phase optimization enhances the coherence at the ground movement observation
station, the improvement is minimal in regions with significant deformation (indicated by
the black box in Figure 12c). Even with the increased coherence, it remains relatively low
across the entire scene.
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The deformation rates of effective monitoring points within the sinking basin range
were selected for Pearson correlation coefficient analysis, as illustrated in Figure 13.
Figure 13a shows the correlation map of deformation rates obtained by the DS-InSAR
and StaMPS-InSAR methods within the sinking basin. A significant number of deformation
points are concentrated between −80 and 20 mm/year, with a Pearson correlation coeffi-
cient of 0.94. This high correlation indicates a strong consistency in the deformation rates
derived from both StaMPS-InSAR and DS-InSAR methods, likely due to both methods
employing 3D phase unwrapping technology to determine deformation.
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By contrast, the Pearson correlation coefficient between SBAS-InSAR and DS-InSAR is
0.28, suggesting that these two monitoring methods do not exhibit a linear relationship and
that there is a substantial deviation between their results. The deformation rates determined
by SBAS-InSAR are considerably higher than those from DS-InSAR, with many effective
monitoring points concentrated within the −80 to 20 mm/year range. Similarly, the Pearson
correlation coefficient between the SBAS-InSAR and StaMPS-InSAR deformation rates is
0.24, indicating that their monitoring results also lack a linear relationship. The deformation
rates from SBAS-InSAR are notably higher than those from StaMPS-InSAR, with a large
concentration of points between −80 and 20 mm/year. In the center of the subsidence basin,
the deformation rate obtained by SBAS-InSAR is greater (but still an underestimation of
the actual deformation), resulting in a lower Pearson correlation coefficient between SBAS-
InSAR and StaMPS-InSAR as well as DS-InSAR. This further demonstrates the consistency
of monitoring accuracy between StaMPS-InSAR and DS-InSAR.

6. Conclusions

The spaceborne SAR differential interferometry technology along with advanced tem-
poral InSAR techniques such as SBAS-InSAR, StaMPS-InSAR, and DS-InSAR are widely
utilized for monitoring surface subsidence in mining areas. To effectively capture the
surface deformation patterns of mining subsidence under fault disturbances, combining
D-InSAR with time-series InSAR technologies allows for a more comprehensive analysis.
For examining surface deformation caused by the Boyan Town fault, methods including
D-InSAR, SBAS-InSAR, StaMPS-InSAR, DS-InSAR, and other time-series InSAR techniques
were employed. Cross-validation with leveling data from surface movement observation
stations led to several key findings: (1) SBAS-InSAR technology provides a comprehensive
view of surface deformation but tends to underestimate large-scale deformations at the
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center of subsidence basins. Its accuracy in detecting small-scale deformations is lower
compared to DS-InSAR and StaMPS-InSAR. However, its primary advantage is the ability
to offer a LOS deformation field that closely approximates the area; (2) The StaMPS-InSAR
method effectively captures small-scale deformation with high accuracy and moderate
point density; however, StaMPS-InSAR significantly underestimates large-scale deforma-
tion. Its monitoring point density is also inadequate in areas with low coherence, limiting its
ability to accurately reflect subsidence basin deformation characteristics. However, it is sen-
sitive in detecting anomalous deformation information related to surface subsidence uplift;
(3) The DS-InSAR method increases the density of monitoring points significantly. However,
in areas with substantial deformation, such as those in mining regions, the lack of “phase
triangulation” over time can lead to incorrect deformation data post-phase optimization.
Despite this, DS-InSAR is highly precise and sensitive in capturing surface deformation
information, particularly in small-scale zones at the edges of subsidence basins. It has a
monitoring accuracy of 7.7 mm for these areas, compared with 16.4 mm for StaMPS-InSAR
and 19.3 mm for SBAS-InSAR, as verified by simultaneous leveling observations. Despite
the varying levels of accuracy, all three methods effectively identify abnormal deforma-
tion areas characterized by “subsidence-uplift” at the surface exposure of faults due to
fault disturbances.

Understanding the patterns of abnormal surface deformation due to mining subsi-
dence under fault disturbances is crucial for preventing geological disasters induced by
coal mining and ensuring safe production in mining areas. Given the hidden nature of
small-scale faults and limited SAR satellite observation data, research in this field using
time-series InSAR technology remains relatively sparse. However, recent advancements
in spaceborne SAR sensors and high-quality Earth observation data have alleviated data
constraints. As different temporal InSAR techniques extract deformation signals using
varying strategies, it is recommended to employ multiple temporal InSAR methods to
capture more detailed deformation patterns under fault disturbances. In addition, with
the anticipated launch of more SAR sensors, multi-platform SAR observations will become
crucial for obtaining three-dimensional deformation characteristics of the surface affected
by fault disturbances.
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