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Abstract: The adverse combination of excessive mining practices and the resulting land subsidence
is a significant obstacle to the sustainable growth and stability of regions associated with mining
activities. The Lakhra coal mines, which contain some of Pakistan’s largest coal deposits, have
been overlooked in land subsidence monitoring, indicating a considerable oversight in the region.
Subsidence in mining areas can be spotted early when using Interferometric Synthetic Aperture
Radar (InSAR), which can precisely monitor ground changes over time. This study is the first
to employ the Small Baseline Subset (SBAS)-InSAR and stacking-InSAR techniques to identify
land subsidence at the Lakhra coal mines. This research offers critical insights into subsidence
mechanisms in the study area, which has never been previously investigated for ground deformation
monitoring, by utilizing 150 Sentinel-1A (ascending) images obtained between January 2018 and
September 2023. A total of 102 deformation spots were identified using SBAS-InSAR, while stacking-
InSAR detected 73 deformation locations. The most extensive cumulative subsidence in the Lakhra
coal mine was −114 mm, according to SBAS-InSAR, with a standard deviation of 6.63 mm. In
comparison, a subsidence rate of −19 mm/year was reported using stacking-InSAR with a standard
deviation of 1.17 mm/year. The rangeland covered 88.8% of the total area and exhibited the most
significant deformation values, as determined by stacking and SBAS-InSAR techniques. Linear
regression showed that there was not a strong correlation between subsidence and topographic
factors. As detected by optical remote sensing data, the subsidence locations were near or above
the mines in the research area, indicating that widespread mining in Lakhra coal mines was the
cause of subsidence. Our findings suggest that SAR interferometric time series analysis is helpful for
proactively identifying and controlling subsidence difficulties in mining regions by closely monitoring
activities, hence reducing negative consequences on operations and the environment.

Keywords: SBAS-InSAR; stacking-InSAR; Lakhra coal mines; mining subsidence; zonal statistics

1. Introduction

Land subsidence monitoring is critical for managing and mitigating the risks associated
with infrastructure damage, ecosystem disruption, and human safety. In some cases,
subsidence can result in permanent land loss, which can have significant economic and
social implications for communities that rely on the land for agriculture, housing, and
livelihood purposes. Monitoring land subsidence is crucial for understanding its causes,
assessing risks, and implementing mitigation measures [1,2].

Traditional methods for monitoring land subsidence, such as ground leveling and
GPS techniques, are often single-point measurements, which are inefficient and unsuitable
for large-scale implementation. These techniques also require significant investments in
workforce and material resources while setting and implementing monitoring point density,
network range, and measurement frequency [3,4]. Interferometric Synthetic Aperture
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Radar (InSAR) has been instrumental in this regard, providing valuable insights into the
spatiotemporal variations in surface deformation [5]. InSAR can offer extensive spatial
coverage, exceptional imaging resolution, and non-invasive surveying [6]. Preliminary
research has shown that InSAR can identify and chart occurrences of land subsidence.
E.J. Fielding et al. [7] recorded maximum subsidence rates of 35 days of approximately
40 mm and 400 mm annually in the Lost Hills and Belridge oilfields of California’s San
Joaquin Valley. Gabriel et al. [8] devised differential radar interferometry (D-InSAR),
effectively differentiating between ground elevation and deformation signals.

Nevertheless, the D-InSAR approach frequently encounters interference from atmospheric
factors and spatiotemporal decorrelation distortion [9,10]. According to Ferretti et al. [11,12], a
pixel’s phase stability is improved when its amplitude deviation falls within a specific range.
These specific pixels are referred to as persistent scatterers (PSs). Contrary to Persistent Scatterer
Interferometry (PSI), ref. [13] created a sequence of interferograms with small spatiotemporal
baselines. The SBAS (Small Baseline Subset) approach exhibits distinct characteristics compared
to D-InSAR. The SBAS-InSAR technique performs time-series analysis by employing a sequence
of radar images acquired over time to assess and analyze ground deformation. This approach
emphasizes the selection of image pairs with minimal temporal and spatial baselines to improve
the sensitivity when identifying gradual surface displacements. Compared to the Persistent
Scatterer InSAR (PS-InSAR) technique, SBAS-InSAR has the advantages of overcoming the
decorrelation of high distortion rate regions and decreasing the noise in displacement time-series
analyses [14,15]. Furthermore, it exclusively captures signals emanating from locations that
exhibit consistent scattering patterns [16]. This technique enhances the precision of deformation
extraction. Small Baseline Subset InSAR is a valuable tool for various geodetic fields, such as
ground subsidence [17–19], landslides [19–21], and seismic activity [22,23]. SBAS-InSAR is an
effective approach employed to monitor the integrity of infrastructure and land subsidence
in urban areas, with a particular emphasis on vulnerable areas. This technique improves
natural hazard assessments by facilitating the identification of ground deformation prior to
earthquakes and landslides. It evaluates the integrity of critical infrastructure for timely main-
tenance while ensuring safety in mining regions through ground displacement monitoring.
Furthermore, SBAS-InSAR monitors environmental changes associated with climate impacts
and land utilization, thereby facilitating the development of effective policies and management.

Research has shown that SBAS-InSAR technology can obtain reliable and accurate
results in regions with different deformation characteristics, and its application has signifi-
cantly improved the monitoring accuracy of mining surface deformation [5,24,25].

The stacking-InSAR technique is a simple yet efficient method to measure the mean
mining subsidence velocity in the line-of-sight (LOS) direction. This technique takes several
unwrapped interferograms and weights them according to the period, which helps to fulfill
the requirements of long-term mining subsidence monitoring while reducing the impacts
of atmospheric phase screens [26–29]. Qin et al. employed stacking-InSAR and a 3D model
using the finite difference approach to observe ground deformation in the Fang Zhuang
coalfield in 2016. The scholars determined that mining activities were the primary source
of the deformation and that the spatial distribution was influenced by geological faults
in the area of investigation [30]. In the Wuda coalfield (northern China), Jiang et al. used
stacking, persistent scatterer interferometry, and two-pass D-InSAR methods to uncover the
spatiotemporal details of land subsidence in regions ravaged by coal fires. Their findings
agreed with GPS observations and data collected from coal fires in the region [31]. Zhu et al.
utilized the stacking-InSAR technique to identify active landslides in the western region of
Guizhou, characterized by serried vegetation and precipitous topography. These landslides
encompass natural occurrences, reservoir-induced events, and those triggered by mining
activities [32].

Mining operations have the potential to cause subsidence, a phenomenon that might
manifest days or even decades after the commencement of extraction [33,34]. The extensive
mining operations in the Lakhra coal mines in Sindh, Pakistan, which consist of more than
400 mines, constitute a substantial portion of Pakistan’s coal reserves. Considering the
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magnitude of these activities, the extraction technologies used have the potential to cause
land subsidence. Failing to notice subsidence may result in infrastructure malfunctions,
destruction of the environment, tardy response, legal liability, poor land use planning,
and a loss of public trust. This challenge highlights the crucial need to establish robust
monitoring systems to evaluate and reduce the risks associated with subsidence in this area.
The lack of monitoring procedures in this field highlights a notable research gap, which
calls for a concentrated investigation into the dynamics of subsidence events.

This study uses the sophisticated SBAS-InSAR and stacking-InSAR technique to
analyze 150 Sentinel-1A images taken between January 2018 and September 2023. The
investigation is centered on the Lakhra coal mines area in the Sindh province of Pakistan
to identify any occurrences of mining subsidence in the region. The zonal statistics of the
area are calculated, the land subsidence characteristics under various land cover types are
observed, and the correlation between topographic features and deformation is also estab-
lished. Optical remote sensing images taken from Google Earth Pro version 7.3 evaluate
the potential factors contributing to land subsidence. The findings can be a conceptual
foundation for establishing regional rules and safety protocols for mining operations in
the area.

2. Materials and Methods
2.1. Study Area

The Lakhra coal field, situated in Sindh Province approximately 32 km northwest of
the historic city of Hyderabad, lies on the western bank of the Indus River Valley within
the southern region of Pakistan. Our area of interest geographically lies in the latitude
range of approximately 25.43 to 25.95 and the longitude range of approximately 67.85 to
68.37 degrees (Figure 1). The topography of the area of interest ranges from 26 to 207 m,
with most of the region spanning between 98 and 138 m.
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Figure 1. Location of the Study Area Lakhra Mines. (A) Top left corner shapefile of Pakistan and area
showing Sindh province where Lakhra mines are located. (B) Area of Interest zoomed view.

Coal deposits are located within the mild Lakhra anticline. The coal is located be-
tween 50 from 150 m [35]. The mining industry consistently engenders environmental
consequences, including the depletion of biodiversity, the creation of sinkholes, ecological
degradation, and the pollution of water, groundwater, and soil [36]. Several locations to the
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east and south exhibit the most elevated topography, ranging from 170 to 207 m (Figure 2A).
The region is predominantly characterized by rangeland and bare landscapes, with limited
built-up areas and patches of farmed land. Notably, water bodies are sparse, occupying
only a tiny percentage of the land (Figure 2B). The Lakhra coal mines area contains more
than 400 coal mines, as observed through Google Earth; the underground chamber and
pillar mining technology are used to mine the coal. In the Paleocene Bara Formation, lignite
coal reserves amount to a total of 1.328 billion tons.
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2.2. Dataset

The dataset for this study comprises 150 Sentinel-1 Synthetic Aperture Radar Sin-
gle Look Complex (SLC) ascending track images acquired between 8 January 2018 and
15 September 2023 to monitor the land deformation in the Lakhra coal field. The dataset
comprises the SLC Level 1 product obtained in Interferometric Wide Swath (IW) mode.
This dataset encompasses 250 km of surface data with a 5 × 20 m spatial resolution.
Furthermore, it includes amplitude and phase information, enabling detailed analysis of
terrain features and monitoring various environmental phenomena [37]. These images
were sourced on 10 November 2023 from the Alaska Satellite Facility (ASF) Distributed
Active Archive Center (DAAC) (https://search.asf.alaska.edu accessed on 10 November
2023), known for its comprehensive SAR data collection. The Sentinel-1 SLC C band im-
ages utilized in this research offer high-resolution radar data captured at a wavelength
of approximately 5.6 cm. C-band imaging radars are typically unaffected by atmospheric

https://search.asf.alaska.edu
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conditions and can see through tropical clouds and rain showers [38]. The radar’s capability
to penetrate vegetation canopies or soils is limited to the top layers. The Shuttle Radar
Topography Mission (SRTM) 1 Arc-Second Global DEM data with a spatial resolution of
30 m, obtained from the USGS Earth Explorer website (https://earthexplore.usgs.gov/
accessed on 10 November 2023), were utilized to generate slopes and aspect maps of the
study area and to remove topographic and flattening phases during InSAR processing.
The land cover categorization is based on the authoritative Esri 2020 Global Land Cover
dataset (https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d4
40078f17678ebc20e8e2 accessed on 10 November 2023), which provides a solid platform for
assessing environmental composition and spatial changes. Esri’s 2020 layer of land cover
is a comprehensive worldwide map of land use and land cover (LULC) obtained from
ESA Sentinel-2 images with a resolution of 10 m. It is a deep learning model’s composite
of land use and land cover predictions for ten classes. It is trained on over five billion
manually labeled Sentinel-2 pixels from over 20,000 sites spread throughout the world’s
major biomes.

2.3. InSAR Process

The SBAS approach enhances the spatial extent for extracting dependable phase delay
time series, particularly in non-urban regions, by considering the speckle characteristics
of most targets in the Synthetic Aperture Radar images [39–41]. The fundamental ideas,
operational protocols, and attributes of SBAS-InSAR have been thoroughly documented
in previous research [42–44] and will not be reiterated in detail here. However, a general
workflow is presented in Figure 3. The processing was carried out using GAMMA-2017®

software developed by GAMMA remote sensing AG, Muri bei Bern, Switzerland [45]. The
preprocessing steps involved transcribing and modifying data and SLC parameter file
generation, calibration, multi-looking, cropping of SLC, and co-registration. The image
20,201,105 was selected as the master image by the freely available Sentinel Application
Platform SNAP (https://step.esa.int/snap/ accessed on 10 November 2023) version 9.0.0.
The Earth’s surface can undergo natural and human-caused alterations over extended
time intervals or broad spatial baselines, resulting in decorrelation between the reference
and slave images. To mitigate the effects of these shifts and enhance the quality of the
interferogram, we employed small spatial and temporal baselines of 150 m and 60 days,
respectively, generating 571 interferograms of the area of interest. Figure 4 shows the
average spatial coherence and network of interferograms generated using the above-
mentioned spatiotemporal baseline. It is evident from Figure 4 that all of the interferograms
show good average spatial coherence. Interferograms are a redundant network connecting
images in the spatiotemporal baseline space.

After selecting interferogram pairs, SRTM DEM eliminated the topographic and flat-
tening phases and InSAR product geocoding. Subsequently, adaptive filtering and phase
unwrapping were employed to acquire a sequence of unwrapped differential interfero-
grams. Ultimately, for each random pixel (x, y) in interferogram I (produced by SAR images
captured at times t1 and t2), the value can be represented as Equation (1):

φdi f f = φde f + φtopores + φatmres + φnoise (1)

where φde f + φtopores + φatmres + φnoise reflects the phase of ground deformation, terrain
errors, residual atmospheric artifacts, and decorrelation/thermal noise. The unwrapped
differential interferometric phases, which are primarily deformation phases after the other
phase component has been eliminated or attenuated, can be multiplied by a constant factor
to turn them into surface displacement.

https://earthexplore.usgs.gov/
https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678ebc20e8e2
https://www.arcgis.com/apps/instant/media/index.html?appid=fc92d38533d440078f17678ebc20e8e2
https://step.esa.int/snap/
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Stacking-InSAR, or interferogram stacking, is a time-series method employed in In-
SAR. It is a sophisticated technique that calculates linear displacement using a collection
of unwrapped differential interferograms. The unwrapped phases of a sequence of inter-
ferograms are combined and weighted to enhance the signal-to-noise ratio (SNR) in the
stacking phase and minimize the impact of noise.

The calculation of the mean displacement rate along with its standard deviation is
achievable by considering the significance of the time span for each interferogram as
Equation (2):

vmean =
λ

4π
· ∑N

ℶ=1 φi∆Ti

∑N
i=1 ∆T2

i
(2)

The formula calculates the yearly average deformation rate along the line-of-sight
(LOS) direction, denoted as vmean. This calculation uses the interferogram’s unwrapped
phase φi. The timeline baseline ∆T is associated with the interferogram and the total num-
ber of interferograms stacked N. The singular value decomposition approach calculated
the deformation results within the SBAS-InSAR time series. When using SBAS-InSAR
to model deformation velocity, it is crucial to account for topographic and atmospheric
phase errors. This process ensures the reliability of the obtained results. SBAS-InSAR often
overlooks points exhibiting low temporal coherence, which leads to a reduced point density
compared to the stacking-InSAR method.

3. Results
3.1. Stacking-InSAR Results

Figure 5 displays the monitoring outcome obtained by the stacking-InSAR technique.
The stacking procedure involved 500 interferograms. The red hue signifies subsidence,
which is the movement in the direction of the satellite’s line of sight. The blue color signifies
uplift, which is the movement toward the satellite’s LOS. The rest of the colors show the
values as the color ramp represents in Figure 5A. The blank patches indicate missing data
owing to decoherence.

The red polygon in Figure 5A shows the area of interest. Figure 5B provides a magni-
fied view of the deformation, whereas Figure 5C displays the profile plot of the subsidence
along the line (AB), showing a subsidence rate reaching −16 mm/year. While subsidence
is evident in the area, a few spots are uplifted. The maximum subsidence rate recorded
through stacking-InSAR analysis is −19 mm/year, while the highest uplift rate observed
reaches 6.8 mm/year. To better understand the results, the area showing obvious defor-
mation is divided into two sections: the upper area of Lakhra mines toward the North,
referred to as Upper Lakhra (UL), defined by a black rectangle, and the location of Lakhra
mines marked by a blue rectangle, referred to as Lower Lakhra (LL) (Figure 5A).
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Figure 6A,B shows a magnified view of the highly deformed areas in the UL and
LL overlaid on an optical remote sensing image, the areas with maximum and minimum
values observed, and the deformation contours, with an interval of 4 mm/year. In total,
33 locations exhibiting deformation in the Upper Lakhra have been identified. Among
them, 19 locations show subsidence levels of less than −8 mm/year, while 13 exhibit
subsidence levels of more than −8 mm/year. Notably, one location records the highest
subsidence value in the Upper Lakhra, reaching −16 mm/year. Additionally, one location
exhibits an uplift of 6.8 mm annually (Figure 6A).

Lower Lakhra has been identified to have over 40 locations with deformation, surpass-
ing the deformation level observed in the Upper Lakhra. Among these locations, 15 have
subsided at a rate greater than −10 mm/year. The highest recorded subsidence value is
−19.4 mm/year, which is the maximum subsidence observed within the entire study area.
Additionally, three locations have exhibited an uplift value of around 2–4 mm/year, while
the remaining locations have shown a subsidence rate of less than −10 mm/year. Figure 7
shows the enlarged optical satellite imagery of the highly deformed areas of the UL and
LL obtained through Google Earth. Different kinds of deformation morphologies can be
observed in the image. The blue flag shows the optical view of the area with the maximum
value, and the red flags show the optical area view with the minimum value observed in
the UL and LL (Figure 7). The polygons show the deformation morphologies of the few
deformed areas having substantial deformation values. Every black spot in Figure 7 is
either an active or abandoned coal mine or a coal dump.
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3.2. SBAS-InSAR and Time Series

Figure 8 shows the accumulated deformation in the Lakhra coal area from January
2018 to September 2023. Around 47 locations in the Upper Lakhra exhibit deformation;
the accumulated subsidence in the Upper Lakhra is −101 mm. The location showing
the highest accumulated subsidence of −101 mm in the UL is marked by a white flag in
Figure 8A,B, whereas Figure 8C shows the profile plot along the line (ab). Most of the areas
in the UL show accumulative subsidence levels greater than −50 mm. Few spots show
uplift in the UL, with the maximum accumulated uplift value reaching up to 28 mm, as
marked by a yellow flag in Figures 8A and 9A. The LL location shows 55 deformation spots.
The highest accumulated subsidence value observed is −114 mm, as marked by a white
flag in Figure 8A and shown in a magnified view in Figure 9B. The maximum accumulated
value observed in the LL is 37.39 mm. According to Stacking and SBAS, the LL exhibits
more significant deformation and demonstrates the maximum subsidence value within the
study area. SBAS-InSAR is limited to monitoring subsidence only at places with a high
level of coherence. Due to the high coherence and lack of dense vegetation in our study
location, the subsidence areas observed using SBAS-InSAR are greater than those observed
using stacking-InSAR. The location of the deformation area, where the most significant
subsidence is recorded in both study zones, aligns with the findings from the stacking-
InSAR analysis, as observed through SBAS-InSAR. Figure 9A,B shows a magnified view of
the Upper and Lower Lakhra area results obtained by SBAS-InSAR and the deformation
contours with an interval of 10 mm. Only a few locations showing deformation in the UL
and LL are shown in Figure 9A,B. The purpose of SBAS-InSAR is also to obtain the time
series deformation in the study area from January 2018 to September 2023; this offers a
distinct benefit compared to stacking-InSAR.
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Figure 10 shows the time series deformation obtained by SBAS-InSAR. The research
area has experienced increases in the size and scope of subsidence over time. The Lower
Lakhra contains the most significant cumulative subsidence values for the investigation.
The development of deformation space in the LL is the most significant and has the broadest
influence. The maximum subsidence values were consistently recorded in the Lower Lakhra
throughout the entire time series analysis.
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3.3. Zonal Statistics and Quantitative Analysis

We used the land cover raster dataset as a reference to analyze the deformation traits
associated with each land cover type and transformed it into vector data. Statistical metrics
were computed for each land cover type, encompassing the mean, median, lowest value,
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highest value, minority representation, majority representation, and standard deviation
(SD) shown in Tables 1 and 2.

Table 1. SBAS-InSAR cumulative deformation (mm) statistics for various land cover types.

Land Type Mean Median Stdev Minimum Maximum Minority Majority

Bare ground 1.11 1.19 5.53 −80.46 28.93 −80.46 −1.37
Rangeland −0.06 0.48 6.99 −114.02 37.39 −114.02 −43.02

Crop −5.83 −2.67 11.68 −55.68 17.53 −43.65 −39.54

Table 2. Stacking-InSAR deformation (mm/year) statistics for various land cover types.

Land Type Mean Median Stdev Minimum Maximum Minority Majority

Bare ground 0.36 0.40 0.95 −14 5.34 −14 0
Rangeland 0.16 0.25 1.20 −19 6.8 −19 −5.10

Crop −1.04 −0.40 2.05 −7.28 2.71 −6.44 −7.28

The area under consideration amounted to 888.026 square kilometers. Rangeland
encompassed the most significant area, comprising 789.05 km2 or 88.8% of the total; bare
ground covered 91.44 km2 or 10.29%; crops covered 1.10 km2 or 0.12%; water comprised
0.001 km2 or 0.000113%; and constructed area accounted for 6.42 km2 or 0.72%. The efficacy
of SBAS-InSAR in less urbanized regions, such as rangelands or rural settings, is typically
advantageous owing to its capacity to accurately monitor surface movement in areas with
less coherent scatterers [46]. The examination of land deformation obtained from SBAS-
InSAR data across different land cover types demonstrates clear and diverse patterns,
including more than 400 inactive and operating mines.

The wide-ranging dispersion of data regarding sections of bare ground (Tables 1 and 2),
which includes notable rates of both downward (subsidence) and upward (uplift) move-
ment, indicates the presence of several geophysical conditions that are likely impacted
by past and current mining operations. Both SBAS- and stacking-InSAR have the highest
deformation values in the rangeland. The wide variations in rangeland areas reveal local-
ized subsidence problems that can be ascribed to differential soil compaction, changing
vegetation cover, and the impact of mining operations. The considerable fluctuation and
substantial downward movement in built areas suggest notable ground displacement, pos-
sibly resulting from a mix of human activity, the weight of construction, and destabilization
induced by underground mine shafts and tunnels. These data demonstrate the intricate re-
lationships between land cover forms and subsidence rates in an extensively mined region.
Each category demonstrates distinct patterns of variation and scale in sinking and rising,
emphasizing the significance of considering both surface and subsurface circumstances
when evaluating and handling risks and consequences associated with land subsidence.

3.4. Connection between Topographical Elements and Deformation

To comprehend the connection between topographic features and deformation, the
Digital Elevation Model was employed to determine aspect, slope, and elevation. The
raster-to-point tool created 1,030,244 monitoring points (MPs). Specifically, we examined
the subsidence’s relationship with slope, elevation, aspect, and the distribution of influential
MPs. The results are shown in Figure 11A–C. By using linear regression on subsidence
and aspect data, it is found that there is no significant relationship between aspect and
subsidence values given the slope value of 0.00. Given an R2 value of 0.00, it is evident
that the linear regression model cannot adequately account for the variations in subsidence
values based on the aspect. Based on the low R2 value, it may be concluded that the linear
regression model fails to capture the significant variations in the data shown in Figure 11A.
The linear regression analysis of the relationship between subsidence and slope yields a
slope of −0.00 and an intercept of −0.07. The R2 value of 0.00 suggests that the linear
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regression model is unsuccessful in explaining the variation in subsidence that is dependent
on slope. Consequently, a substantial correlation between subsidence and slope values is
absent. The proximity of the slope value to zero indicates that variations in slope do not
consistently influence the observed subsidence patterns Figure 11B. The linear regression
study of subsidence and elevation results in a slope of 0.00 and an intercept of −0.08. The
R2 value of 0.00 suggests that the linear regression model cannot correctly account for the
variation in subsidence that depends on elevation. This finding implies that there is an
absence of a substantial correlation between subsidence and elevation data. A slope value
of 0.00 suggests that elevation variations do not consistently affect the observed subsidence
patterns (Figure 11C). Maximum subsidence values are observed at slopes between 0 and
24◦ and elevations between 30 and 180 m.
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4. Discussion
4.1. SBAS- and Stacking-InSAR

This study aims to monitor land subsidence in the Lakhra coal mines through cutting-
edge SBAS-InSAR and stacking methods. Prior studies have not utilized advanced InSAR
methods to detect significant land subsidence in this area, despite the importance of
these data in understanding ground deformation in the region. When employing the
SBAS-InSAR model, the coherence point selection algorithm is essential in selecting high-
coherence points that can sustain high coherence over a specific time [47]. Figure 7 clearly
illustrates that the region surrounding the mines predominantly lacks vegetation, making
it highly conducive for SBAS-InSAR observations. The SBAS method chooses interfero-
grams with strong coherence to guarantee accurate phase measurements. However, InSAR
measurements have inherent limitations, such as decorrelation, making certain areas lack
deformation data. Field surveys are a practical approach for addressing missing values in
a particular location. Another approach is to combine the results of multiple SAR image
sources to perform InSAR measurements [48,49]. The collected deformation data are highly
significant, even with a few decoherent zones within the study area. The measurement
outcomes offer foundational guidance and insights into subsequent monitoring efforts.
Moreover, adopting a sequential adjustment approach enhances these efforts by ensuring
more precise and adaptable data interpretation [50]. The SBAS-InSAR in Lakhra coal mines
identifies 102 deformation locations, whereas the stacking process identifies 73 locations.
For more accurate measurements of linear deformation, stacking-InSAR averages many
interferograms to cut down on orbital and atmospheric inaccuracies [41]. The highest sub-
sidence values observed by SBAS- and stacking-InSAR are −114 mm and −19 mm/year,
respectively. The processing algorithms used by SBAS- and stacking-InSAR are different,
and they both assume distinct assumptions about the deformation behavior. SBAS-InSAR
assumes that deformation linearly occurs throughout each time interval between successive
SAR observations. On the contrary, stacking-InSAR may utilize various temporal filtering
methods that can cause the deformation signal to be smoothed, potentially leading to lower
estimates of deformation than SBAS-InSAR [24]. The resolution of the InSAR data, both
spatially and temporally, can impact the obtained results. SBAS-InSAR generally works on
minor spatial scales and may catch localized deformation patterns more successfully than
stacking-InSAR [51].

The precision and applicability of stacking-InSAR and SBAS-InSAR approaches can
be better understood by examining the standard deviation of the displacement rate moni-
tored. While the mean stacking-InSAR displacement rate for the current investigation is
−0.05 mm/year with a standard deviation of 1.17 mm/year, the mean SBAS displacement
rate is −0.07 mm with a standard deviation of 6.63 mm. The results suggest that the SBAS-
InSAR method, while effectively capturing the overall deformation over the entire research
period, has a higher standard deviation than stacking-InSAR. While the stacking-InSAR
lower standard deviation indicates its superior precision under the assumption of linear
deformation, the higher standard deviation of SBAS-InSAR may be related to its sensitivity
to noise and nonlinear deformation. The standard deviation plots of SBAS- and stacking-
InSAR are shown in Figure 12. The time-series trends of the SBAS-InSAR of 10 locations
from the Upper and Lower Lakhra regions are shown in Figure 13A,B. The deformation
values at the observed locations in the UL and LL show a rising trend over time.
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4.2. Subsidence and Topographic Elements

The correlation between topography and ground deformation in mining regions can be
challenging, as mining-induced subsidence is predominantly influenced by subsurface ex-
cavation instead of surface topographical traits. This factor distinguishes it from geological
dangers such as landslides, which are significantly affected by surface slope and topo-
graphical characteristics. The current topographical data analysis indicates that subsidence
values are uniformly distributed throughout all aspects, from 0◦ to 360◦, demonstrating
an absence of any specific directional pattern associated with the aspect. This characteris-
tic differs from landslide-prone areas, where deformation occurs in particular directions
determined by the terrain’s aspect and slope. Since there is not any evidence of this trend
in the mining area, it is more likely that surface slope and aspect have less influence on
subsidence than the depth and placement of underground mining operations. Notably, the
most significant subsidence values are seen on very gentle slopes, ranging from 0◦ to 24◦,
despite slopes reaching up to 43◦ in the vicinity. This finding substantiates that subsidence
is primarily independent of steep terrain and is more directly associated with underground
mining operations’ spatial distribution and techniques. Although landslides tend to occur
more frequently on steeper slopes, mining-induced subsidence is more likely to occur on
gentler slopes, suggesting the presence of underground collapse zones. The widespread
occurrence of subsidence at different elevations underscores that elevation is not a critical
determinant in this context, reinforcing the idea that subterranean mining activities are the
principal cause of surface deformation. Additionally, although topographical parameters
like elevation and slope are not directly correlated with mining-induced subsidence, it
is essential to understand that over time, subsidence can have a substantial impact on
surface topography. This continuous deformation may intensify surface characteristics,
such as slight inclines and drainage patterns, possibly resulting in further environmental
repercussions.

4.3. Subsidence and Mining Activities

The region in Lower Lakhra exhibiting significant subsidence values is examined
through Google Earth imagery from 2018 to 2023 to elucidate the relationship between
mining operations and subsidence. In 2018, there were few mining sites; nevertheless, by
2023, the number of operational mines and their spatial extent had significantly expanded,
as illustrated in Figure 14A,B. In contrast, Figure 14C,D shows the increase in subsidence
values in the same area from 2018 to 2023. The rapid subsidence in the Lower Lakhra
is likely accelerated by the expansion of mining regions and extends in several ways.
(1) Expanded extraction zones generate more substantial subterranean cavities, heightening
the likelihood of ground subsidence and surface distortion. (2) Expanding mines frequently
connect with previously excavated regions, exacerbating destabilization and resulting in
accelerated sinking. (3) Expanded mining footprints disrupt a larger surface area, increasing
land exposure to prospective subsidence risks. The choice of mining processes, such as pillar
mining, longwall mining, or room and pillar mining, can impact the degree of subsidence in
mining regions. The selection of mining methodology affects the terrain’s stability and the
likelihood of subsidence [52,53]. Surface mining operations and the removal and disposal
of overlying soil and rock result in land cover alterations and land utilization in mining
regions, leading to subsidence [54]. Coal field closures and flooding can result in the upward
movement of the surface [55,56]. Significant uplift in mining regions may transpire because
of stress redistribution after mineral extraction, resulting in initial subsidence succeeded by
rebound upon the cessation of mining activities. Abandoned areas (goafs) may initially
subside and subsequently rise as adjacent materials realign. Moreover, environmental
modifications, such as land reclamation and forest restoration, can disrupt hydrological
balances and facilitate elevation [57]. Moreover, dependence on antiquated mining methods
in the Lower Lakhra intensifies subsidence problems. Shaft mining Figure 15 and manual
coal drilling exhibit lower efficiency and frequently lack contemporary safety protocols that
can alleviate subsidence hazards. These approaches often disrupt extensive geographical
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areas without sufficient support structures, heightening the risk of ground instability.
Furthermore, the human coal drilling technique is inferior in precision and efficiency
to mechanized techniques, resulting in possible over-extraction and increased ground
destabilization.
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The aggregate impacts of intensified mining operations, along with antiquated meth-
ods, have resulted in concerning levels of subsidence. The amalgamation of enlarged
mining zones and heightened extraction activities establishes a feedback cycle wherein
each new activity amplifies susceptibility to ground displacement. Research indicates that
areas with a history of intensive mining frequently undergo considerable subsidence long
after the cessation of activities, which is attributable to the delayed collapse of subterranean
supports [58].

It is hypothesized that the deformation in the study area results from extensive mining
based on the area’s optical picture and local geographical characteristics. These results
align with the expected effects of underground mining activities, which generate surface
deformation by extracting underlying material. The subsidence is primarily in areas directly
atop and near the mining operations. Coal production has been increasing in Pakistan
in recent years, as seen in Figure 16. Mining operations, specifically underground coal
mining, may have resulted in ground instability and surface deformation due to extracting
resources from the earth.

Numerous articles have addressed whether the deformation in the LOS direction accu-
rately represents the movement of the ground surface [44,59,60]. The observed subsidence
has essential ramifications for mining area environmental control and infrastructure. Thus,
early risk identification and mitigation rely on continuous InSAR monitoring, the need for
more environmentally friendly mining methods, and adequate ground support regulations.
Even though the InSAR methods used worked well in our study, some limitations must be
acknowledged. First, atmospheric artifacts, orbital errors, unwrapping errors, spatial and
temporal resolution errors, and signal decorrelation can change how accurate InSAR results
are, especially in places with a lot of vegetation or water. Even after applying conventional
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corrections, residual errors may still exist. The second issue is that quick subsidence events
between observation intervals are difficult to catch due to the limited temporal resolution
of satellite acquisitions. This research primarily concentrates on line-of-sight deformation
assessments. Owing to the restricted accessibility of data sources, namely the lack of Global
Navigation Satellite System (GNSS) measurements or relevant information on subsidence
in the area of interest, we lack corroborative evidence for zero horizontal motion across the
entire research area or its specific segments.
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Integrating information with higher temporal resolution or supplementary ground-
based monitoring methods like GPS can enhance future investigations. Monitoring subsi-
dence should be improved by enhancing its temporal and spatial resolution in the future.
In addition to InSAR, other geodetic techniques, such as terrestrial laser scanning (TLS)
or unmanned aerial vehicle photogrammetry, may offer more detailed information about
deformation mechanisms. Advanced atmospheric correction algorithms and machine learn-
ing techniques can further enhance InSAR measurements. Long-term monitoring is critical
for understanding subsidence and evaluating the effectiveness of mitigation strategies.

5. Conclusions

This study is the first to employ the SBAS-InSAR and stacking-InSAR methods using
150 ascending Sentinel-1A data to investigate surface deformation in the Lakhra coal mine
in Sindh Province, Pakistan, as no prior studies or subsidence identification methods have
been employed. Although the SBAS-InSAR technique is well-established, its utilization in
this unexplored area underscores its efficacy in identifying mining-induced ground dis-
placement. The cumulative count of regions exhibiting deformation using InSAR stacking
is 73, while SBAS-InSAR identifies 102 deformation locations. The greatest magnitude
is observed at the Lower Lakhra, where the subsidence is measured at approximately
−114 mm by SBAS-InSAR and at a rate of around −19 mm/year through stacking-InSAR.
The Lower Lakhra exhibits greater deformation than the Upper Lakhra, characterized by
higher deformation values and a more considerable extent of affected zones. Our investiga-
tion indicates that deformation trends are primarily unaffected by topographic parameters
such as slope aspect and elevation. Most of the region under investigation is composed of
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rangeland, which accounts for 88.8% of the entire area and exhibits the highest levels of de-
formation. The SBAS-InSAR method identifies a greater subsidence rate in the line-of-sight
direction than the stacking-InSAR method due to the highly coherent spots in the study
area. The optical remote sensing images are used to quantify the cause of subsidence. All
the deformation locations identified are around or over mines. Coal production in Pakistan
has increased, and intense mining has caused land subsidence. Intensive coal resource
mining can destabilize the soil’s geological composition, resulting in empty spaces and
hollow areas underground. These empty spaces are prone to collapse without sufficient
support or reinforcement, resulting in subsidence. Moreover, using inadequate mining
techniques intensifies the land subsidence hazards linked to coal mining. Practices such
as insufficient backfilling, incorrect excavation practices, and the absence of structural
reinforcing can expedite the destabilization of the land. The confluence of rigorous coal
extraction with substandard mining techniques presents substantial environmental and
socioeconomic hazards, jeopardizing not only the stability of the terrain but also adjacent
infrastructure, ecosystems, and communities. To minimize the detrimental effects of land
subsidence caused by coal mining, it is crucial to implement responsible mining methods,
sustainable practices, and strict regulatory supervision. This is necessary to protect the
environment and human settlements from the harmful repercussions of subsidence. The
results establish a fundamental comprehension of subsidence in that area and underscore
the necessity of ongoing monitoring and additional research. These initial findings can be
further developed using this technique to investigate additional mining regions or obtain
higher-resolution data in future studies. Future research should prioritize integrating
additional on-site monitoring data to strengthen validation and improve the precision of
subsidence measures.
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