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Abstract

Land subsidence is one of the most significant environmental threats in agricultural areas, directly affecting soil stability and crop
productivity. This study assessed changes in land subsidence in the agricultural lands of Golestan Province between 2015 and 2023.
Sentinel-1 radar data were processed using the SBAS method and interferometry techniques to extract vertical ground displacements,
while environmental and agricultural indicators, including NDVI, SMI, slope, and aspect, were integrated to analyze subsidence risk.
The results indicated a substantial increase in both the intensity and extent of subsidence in 2023, with the average risk rising from
0.397 in 2015 to 0.750 in 2023, while risk dispersion decreased, leaving nearly all agricultural areas at high risk. Correlation analysis
also revealed that agricultural activities play a significant role in accelerating subsidence (correlation coefficient = 0.71). Pixel
frequency analysis and distribution charts further indicated spatial expansion of risk and homogenization of high-risk areas. These
findings can inform sustainable agricultural land management and help predict areas prone to subsidence.

1. Introduction

Land subsidence, defined as the gradual or sudden sinking of the
ground surface, results from both natural and anthropogenic
processes and is particularly significant in agricultural areas due
to intensive land use and changes in soil properties (Ashraf et al.,
2024). Subsidence in agricultural lands is critical because it can
adversely affect crop productivity, soil quality, and the economic
sustainability of farmers. This phenomenon leads to soil
compaction and cracking, alters water infiltration, restricts root
growth, and reduces nutrient availability, ultimately diminishing
crop yield and soil productivity (Merem et al., 2019). Moreover,
land subsidence can disrupt irrigation infrastructure and increase
the risk of flooding and other agriculture-related damages, posing
a threat to rural livelihoods and food security in vulnerable
regions (A.A et al., 2024). Despite its importance, policymakers
often face challenges in identifying high-risk areas due to a lack
of accurate spatial data. In this context, remote sensing and GIS
technologies provide effective tools for spatiotemporal
monitoring of land dynamics, offering valuable means for
analyzing and managing subsidence risk (Ashournejad &
Garshasbi, 2024). Previous studies have also highlighted the
impact of land subsidence on agriculture. For instance, Lechner
et al. (2016), using ALOS PALSAR imagery, demonstrated that
subsidence alters soil physical properties such as compaction,
cracking, and water permeability, leading to reduced field
uniformity, decreased crop yields, and increased difficulty in
agricultural operations. Sidiq Sidiq et al. (2019) reported that
land subsidence also occurs in agricultural areas in Bandung,
Indonesia, with a rate of approximately 5 cm per year during
2007-2011, as determined using ALOS PALSAR imagery and
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the SBAS method, emphasizing the importance of monitoring
this phenomenon in farmlands. Xiao et al. (2021), through
analysis of agricultural indices including biomass, leaf area index
(LAI), soil moisture, and soil organic matter, investigated the
relationship between subsidence and soil quality and
productivity. Their results indicated that land subsidence can
create waterlogged areas and reduce crop performance.
Furthermore, Assadi et al. (2024) showed that cropping patterns
and agricultural practices play a significant role in subsidence. In
the Nourabad plain, rice fields experienced greater subsidence
compared to wheat fields, based on Sentinel-1 and Sentinel-2
imagery. Despite numerous studies, the assessment of subsidence
risk in agricultural lands of Golestan Province has not yet been
conducted. This province, characterized by high geographical
diversity and extensive agriculture—including wheat, rice,
vegetables, and orchards—is one of the major production hubs in
northeastern Iran. However, irrigation pressure and
overexploitation of groundwater resources can threaten soil
stability (Danhassan et al., 2024). Recent studies have also
confirmed the concentration of subsidence in agricultural lands
and its overlap with intensively cultivated areas (Ashraf et al.,
2024). Therefore, the main objective of this study is to evaluate
changes in subsidence risk in Golestan’s agricultural lands over
the period 2015-2023. In this context, slope, aspect, soil
moisture, and vegetation cover (NDVI) were employed to
analyze the relationship between the physical and biological
characteristics of agricultural lands and the intensity of
subsidence. These indicators were selected as representatives of
moisture status, vegetation density, and topography, as their
variations may reflect irrigation pressure, cropping patterns, and
overexploitation of agricultural lands—key factors exacerbating
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subsidence. Finally, by comparing risk maps for 2015 and 2023,
trends in subsidence were identified, providing a scientific basis
for sustainable management of agricultural lands and mitigation
of subsidence impacts.
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2. Materials and methods

1.1 Study area

Golestan Province is located between 53°51’ and 56°01’ E
longitude and 36°04' and 38°07' N latitude (Figure 1). The
province's highest elevation reaches 3,813 meters, while the
mean elevation is 230 meters and the lowest point is 20 meters
below sea level. The annual precipitation averages approximately
450 mm, and the mean annual temperature typically ranges
between 17.9 and 18.5 °C (Namazi Rad et al., 2021).
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Figure 1. Map of the study area

1.2 Methods

1.2.1  Data processing

To investigate land subsidence in Golestan Province, radar data
from Sentinel-1 equipped with a C-band Synthetic Aperture
Radar (SAR) were used, providing continuous surface imaging
under all weather conditions. Single Look Complex (SLC)
Sentinel-1 data enabled the application of Interferometric SAR
(InSAR) for measuring subtle ground deformations. The
Interferometric Wide Swath (IW) mode was selected to achieve
wide-area coverage with adequate spatial resolution. The dataset
covered the period from 2015 to 2023 and formed the basis for
generating subsidence maps. All InSAR processing steps were
carried out directly from the original Sentinel-1 SLC data to
produce deformation maps. To manage the large volume of
Sentinel-1 data, Python libraries including Sentinelsat along with
netrc configuration files were used to automate data access and
organize SLC images systematically by year and time interval. In
total, 192 images were collected, comprising temporal pairs with
6-, 12-, and 24-day intervals, enabling the analysis of both short-
term variations and gradual subsidence trends. To generate
interferograms, Master and Slave images were precisely co-
registered to remove geometric, orbital, and topographic effects,
ensuring accurate extraction of actual ground deformation. The

co-registration was performed using a pixel-wise cross-
correlation algorithm, achieving sub-pixel accuracy. The phase
difference between the Master and Slave images was then
calculated to quantify ground displacement over the study period.
Each SLC pixel contains both amplitude and phase information
of the radar signal, and the phase difference, obtained by
multiplying the Master image with the complex conjugate of the
Slave image, produced the interferogram. The resulting fringe
patterns represent a combination of vertical and horizontal
displacements, atmospheric effects, and noise. Simultaneously, a
coherence map was generated for each image pair, indicating the
signal stability and quality on a scale from O to 1; values close to
1 represent high stability (e.g., urban areas or unchanged
surfaces), while values near 0 indicate low stability (e.g., dense
vegetation or rapidly changing surfaces). This coherence map
was used to assess interferogram quality and select reliable areas
for subsidence analysis (Manzoni et al., 2021). To reduce the
inherent speckle noise in SLC data, the Goldstein filter was
applied, which enhances the main phase patterns and suppresses
random noise through local-frequency analysis of the
interferogram (Shukla et al., 2023). The phase is stored as
wrapped phase, and to obtain a continuous map of actual ground
deformation, phase unwrapping was performed using the
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SNAPHU algorithm. To correct the data and align it with
reference maps, the interferograms were projected to the WGS84
coordinate system, and topographic components were removed
using the 30 m SRTM Digital Elevation Model (DEM).
Atmospheric effects were corrected using GACOS data, and
when these corrections were insufficient, time-series smoothing
was applied with the MintPy library to retain only the true ground
displacement.

1.2.2 SBAS

To extract ground subsidence, the Small Baseline Subset (SBAS)
method was employed, which enables the measurement of
gradual ground displacements with millimeter-level precision. In
this approach, image pairs with small temporal and spatial
baselines are selected to minimize the effects of surface cover
changes and atmospheric conditions, producing a coherent
network of ground deformation time series. The input data
included unwrapped phase interferograms and coherence maps.
Coherence maps were smoothed using a uniform filter, and low-
coherence pixels were removed to ensure that only reliable data
were used in SBAS calculations. Additionally, unwanted phase
jumps were identified and corrected. Subsequently, the SBAS
design matrix was constructed to define the temporal span of each
interferogram, and a weight matrix (W) based on coherence was
applied so that higher-quality data would have greater influence
in the computations. To reduce temporal fluctuations, a
smoothing constraint matrix (L) was applied. The SBAS equation
was solved considering matrices A, W, L, and a numerical
regularization term (Al) to stabilize the calculations (Zhaoying et
al., 2016; Samsonov, 2019). Displacement along the satellite line
of sight (LOS) was then calculated and converted to true vertical
ground displacement using the satellite’s viewing angle.

LOS

1) Vertical displacement = z05°

1.2.3  Accuracy assessment

In this study the satellite viewing angle was set to 39 degrees
based on Sentinel-1 metadata. To ensure the accuracy of InSAR
processing and subsidence rate extraction, several key metrics
were calculated. The coefficient of determination (R?) was used
for each pixel to assess the fit of displacement data to the trend
line, the standard error of the slope evaluated confidence in the
trend slope, and the annual mean coherence assessed data quality
and temporal changes. A valid mask was also created to use only
pixels with reliable observations, and the number of annual
observations was normalized between 0 and 1, enabling robust
subsidence analysis and reducing noise effects.To evaluate the
accuracy of the SBAS algorithm, synthetic data were simulated.
A 50x%50 pixel grid with a subsidence rate of 10 millimeters per
year and 61 imaging dates was generated. Interferograms were
calculated for time intervals of 6, 12, and 24 days, and synthetic
phase was produced by adding random noise and +r phase jumps
to mimic real data. Coherence values were randomly assigned
between 0 and 1 to match the structure of Sentinel-1 data. The
data were saved as GeoTIFFs and all SBAS processing steps
were applied. Algorithm accuracy was evaluated using mean
absolute error (MAE), root mean square error (RMS), and the
coefficient of determination (R?). Low MAE and RMS values
indicated close agreement between simulated and real data with
low error dispersion, while R? values confirmed a high match
between retrieved results and true values, validating the SBAS
algorithm under controlled conditions.

1.24  Classification and calculation of parameters

In this study, Pearson’s correlation coefficient was used to
examine the relationship between land subsidence and
agriculture. The Pearson coefficient is a statistical measure that
indicates the strength and direction of a linear relationship
between two quantitative variables, ranging from -1 to +1. Values
close to +1 indicate a strong positive correlation, values near -1
indicate a strong negative correlation, and values around zero
suggest no correlation (Pearson., 1985).

To classify agricultural lands, Landsat satellite images with a
spatial resolution of 30 meters for the years 2015 and 2023 were
used. The classification was performed using the Random Forest
algorithm, which relies on an ensemble of decision trees and
combines their outputs to provide robust performance against
noise and high accuracy in distinguishing land-use classes. For
model training, 1,000 training samples were selected using
stratified sampling to ensure balanced representation of all land-
use classes. Classification accuracy was evaluated using 600
independent validation points through a confusion matrix, overall
accuracy, and the Kappa coefficient, ensuring the reliability and
validity of the results. To investigate the factors influencing the
distribution and intensity of land subsidence in agricultural areas,
topographic data from the Shuttle Radar Topography Mission
(SRTM) digital elevation model with a spatial resolution of 90
meters were used. These data were obtained from the USGS and
employed to derive two primary variables, slope and aspect.
Slope is one of the most important factors affecting surface
runoff, water infiltration, and soil stability; low-slope areas
generally act as zones of water and sediment accumulation and
are more prone to subsidence, whereas steep areas, due to better
drainage, exhibit greater stability (Huat et al., 2006; Sekkeravani
et al., 2022). Aspect also influences solar radiation reception,
temperature, and evaporation, thereby affecting soil moisture,
plant growth, and groundwater extraction. Directions with higher
moisture content typically support more stable vegetation and
greater resistance to subsidence (Varga & Csiszér, 2021). Finally,
slope was mapped in percent, and aspect was classified into eight
main categories: north, northeast, east, southeast, south,
southwest, west, and northwest. To assess vegetation and soil
moisture indices, Landsat satellite images from 2015 and 2023
were used. These images, with a spatial resolution of 30 meters,
were processed in the Google Earth Engine environment. The
Normalized Difference Vegetation Index (NDVI) was calculated
for all four seasons—spring, summer, autumn, and winter—to
capture seasonal variations in vegetation cover throughout the
year. Healthy vegetation indicates adequate water availability
and soil stability, whereas a decrease in NDVI typically reflects
drought, groundwater depletion, or soil structure degradation, all
of which can contribute to land subsidence (Ouyang et al., 2024).
Therefore, NDVI was used as an indirect biophysical indicator of
subsidence intensity. This index was computed from the
combination of the red (Red) and near-infrared (NIR) bands as
follows:

NIR — RED

2 NDVI = R RED

Soil moisture reduction is one of the primary indicators of
excessive groundwater extraction and compaction of soil layers.
Therefore, analyzing soil moisture variations helps to better
understand the dynamic behavior of soil in response to
subsidence (Guo & Martinez-Grana et al., 2024). The Soil
Moisture Index (SMI) was calculated for the four seasons—
spring, summer, autumn, and winter—based on the relationship
between NDVI and Land Surface Temperature (LST) (Saha et
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al., 2019). LST for each pixel was derived using the thermal band
of Landsat 8 images. To determine soil moisture, the maximum
and minimum surface temperatures corresponding to each NDVI
value were first identified. These values represent the
temperature range of hot and cold points and were obtained
through linear regression of LST against NDVI. The SMI was
then computed by comparing the actual temperature of each pixel
with this maximum and minimum range.

3) SMI = (LSTyax — LST) (LSTyngx — LSTmin)

where LST is the land surface temperature of a pixel, and
LSTmax and LSTmin are the maximum and minimum surface
temperatures for a given NDVI value, respectively.

1.25
Lands

Calculation of Land Subsidence Risk in Agricultural

To assess subsidence risk in Golestan Province, land subsidence
maps for 2015 and 2023, derived from Sentinel-1 data using the
SBAS method, were imported as raster matrices for analysis. To
standardize the data and enable integration with other
environmental and agricultural indices, subsidence values for
each pixel were normalized to the range [0,1]. NDVI and SMI
indices were prepared for the four seasons (winter, spring,
summer, and autumn). Each index was standardized using min-
max normalization to ensure all indices shared a common scale
and could be directly integrated with the subsidence maps. The
risk index for each pixel was then calculated by multiplying the
normalized index values by the subsidence magnitude. In other
words, for each season, subsidence risk at each pixel was
determined based on both the intensity of subsidence and the
environmental or agricultural conditions of that pixel. Seasonal
values were subsequently aggregated to generate annual risk
maps for 2015 and 2023, allowing the analysis of temporal
changes in risk and the identification of areas with increasing or
decreasing hazard. To assess the changes in subsidence risk in
the agricultural lands of Golestan Province between 2015 and
2023, the risk values were divided into ten equal intervals (0-0.1,
0.1-0.2, ..., 0.9-1.0), and the number of pixels in each interval
was calculated. This approach allows for examining the density
of areas with low, medium, and high risk, as well as enabling
direct comparisons between years. By analyzing the histogram,
the concentration of pixels within specific risk ranges, seasonal
or annual variations, and the intensity of risk increase or decrease
can be quantified and visualized. A density plot for the risk values
of each year was also generated to illustrate the continuous spatial
distribution of risk across the province. Unlike the histogram, this
method captures smooth variations and highlights concentrated
or dispersed patterns of high-risk areas without dependency on
interval size. The mean and standard deviation of risk values
were calculated for each year to provide an overview of the
average risk and its variability across the province. These metrics
serve as a basis for analyzing trends and the concentration of
high-risk areas. To determine whether the increase in mean risk
in 2023 compared to 2015 is statistically significant, a paired t-
test was applied. In this test, each pixel's risk value was compared
pairwise across the two years, ensuring that the observed increase
in risk is not merely due to random variation.

3. Results

The accuracy assessment of data extracted from radar
interferograms indicated that the results are highly reliable. The
mean coefficient of determination (R?) was 0.78, reflecting a
strong correlation between the modeled data and observed

values. Additionally, the mean standard error of the slope was
calculated as 0.00054, demonstrating the stability and high
accuracy of the regression estimates. Furthermore, the average
coherence of the images was 0.91, confirming the quality of the
phase information and the robustness of the interferometric
processing. To further evaluate the accuracy of the SBAS model,
synthetic data simulations were conducted. The results indicated
that the model exhibits high efficiency and precision. The mean
absolute error (MAE) was 2.3 mm, the root mean square error
(RMS) was 2.1 mm, and the coefficient of determination (R?)
reached 0.98. These values demonstrate that the SBAS model
was able to reconstruct land subsidence variations with minimal
error and high accuracy, ensuring a high level of confidence in
the results (Figure 2). For Golestan Province in 2015, the results
showed that land subsidence ranged from 0.36 to 3.57 cm (Figure
2). Spatial distribution analysis revealed that the highest
displacement values occurred in the western parts of the
province, primarily consisting of agricultural plains under intense
farming pressure. By 2023, the extent of subsidence-affected
areas had significantly expanded, and the intensity of ground
displacement increased throughout these regions (Figure 3).
During this year, surface displacement ranged from 4.1 to 4.56
cm, with no areas exhibiting subsidence below 4 cm, indicating
a substantial intensification of subsidence in susceptible regions.
The concentration of subsidence remained predominantly in
agricultural areas.
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Figure 2. Comparative diagram of subsidence in 2015 and 2024

The accuracy of agricultural land classification for the years 2015
and 2023 was estimated at 87%. Moreover, correlation analysis
between land subsidence and agricultural activity in Golestan
Province revealed that agricultural land use exhibited a
correlation of 0.71 with subsidence, indicating that agricultural
practices play a significant role in land subsidence. Statistical
analysis of land subsidence risk maps shows that considerable
changes occurred in Golestan Province between 2015 and 2023
(Table 1). Comparative analysis of the subsidence risk maps
indicated that 89% of pixels with a risk above 0.5 in 2015 also
experienced subsidence in 2023. In 2015, the mean subsidence
risk was calculated as 0.397 with a standard deviation of 0.110.
This indicates that most areas under study were under moderate
risk, with notable variability reflecting the presence of both low-
and high-risk zones across the province. In other words,
agricultural areas affected by subsidence were primarily in the
moderate-risk range, and the intensity of land subsidence varied
across different parts of the province. In 2023, the mean risk
increased to 0.750, while the standard deviation decreased to
0.026. The rise in the mean indicates that land subsidence
intensified across the entire province, whereas the reduction in
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standard deviation reflects a more uniform risk pattern and
greater convergence of high-risk areas. These changes suggest
that nearly all agricultural areas in the province are now exposed
to high risk, with low-risk zones almost entirely eliminated.
Based on pixel-level data, a paired t-test was conducted to
statistically evaluate risk changes between 2015 and 2023. The
results showed a t-statistic of 3100.599 and a p-value = 0,
indicating a highly significant increase in risk. Therefore, it can
be concluded that the observed changes are not random and that
the intensity and extent of subsidence risk have genuinely
increased. Analysis of pixel frequency across different risk
intervals (0—1) also revealed substantial changes between 2015
and 2023. In 2015, most pixels fell within the 0.3-0.4 range
(753,330 pixels), indicating that risk was concentrated at a
moderate level. Very few pixels were in the >0.7 range, meaning
high-risk areas were limited and scattered. By 2023, the highest

Indicator 2015
Mean subsidence risk 0.397
Standard deviation 0.110

Highest pixel frequency range
Paired t-test (t-statistic) -

Significance level (p-value) -

2023

0.026

0.3-04  0.7-0.8

pixel frequency had shifted to the 0.7-0.8 range (836,320 pixels),
showing an upward shift in risk distribution, with large portions
of the province now under high risk. Low-risk intervals were
almost empty, reflecting a widespread increase in subsidence
intensity. These distribution changes indicate that land
subsidence has spatially expanded, affecting nearly all
agricultural areas in the province rather than being confined to
specific locations (Figure 4).

4. Discussion

This study investigated the spatial and temporal dynamics of
subsidence risk in the agricultural lands of Golestan Province

Statistical Test Indicators (2015-2023)

0.750 =

3100.599

=0

Table 1. Statistical analysis of land subsidence risk and agricultural correlation in Golestan Province (2015-2023)
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Figure 3. Subsidence map in agricultural lands for the years 2015 and 2023
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Figure 4. Risk map of land subsidence in agricultural lands for the years 2015 and 2023

between 2015 and 2023. Interferometric synthetic aperture radar
(InSAR) data, combined with vegetation indices (NDVI), soil
moisture (SMI), slope, and aspect, were used to examine
environmental changes and their influence on subsidence. Unlike
previous studies that primarily focused on average subsidence
(Sidiq et al., 2019; Lechner et al., 2016), this research employs
multi-seasonal data and environmental indicators to provide a
more comprehensive perspective on subsidence risk in
agricultural lands. The observed upward trend in mean
subsidence risk—from 0.397 in 2015 to 0.750 in 2023—along
with decreased variability, points to an increasing spatial
uniformity of high-risk zones. Statistical results from paired t-
tests (t = 3100.599, p = 0) reinforce that these patterns are
systematic rather than random variations. The spatial
correspondence between areas identified as high-risk in 2015 and
those showing measurable deformation in 2023 indicates that
regions under intensive agricultural use remain particularly
susceptible to ground displacement. Similarly, reductions in
NDVI and SMI values appear to coincide with regions of greater
deformation, suggesting that changes in vegetation cover and soil
moisture conditions may influence the observed subsidence
patterns. These findings are consistent with those reported by
Xiao et al. (2021) and Assadi et al. (2024), who also emphasized
the influence of environmental stressors on subsidence dynamics.

Integrating indices with InSAR data provides a robust framework
for risk assessment. Therefore, this integrative approach not only
strengthens the interpretation of subsidence mechanisms but also
provides a transferable analytical framework that can inform
sustainable land-use and agricultural water management
strategies in similar vulnerable regions.

5. Conclusion

The primary objective of this study was to examine the changes
in subsidence risk in agricultural lands of Golestan Province
between 2015 and 2023 and to analyze the influence of
environmental indicators (vegetation cover and soil moisture) on
this phenomenon. The results demonstrated that the use of multi-
seasonal NDVI, SMI, slope, and aspect data enables more
accurate identification of agricultural lands at high risk of
subsidence and provides a precise representation of the spatial
variations and intensity of subsidence. The increase in mean risk
and the homogenization of high-risk areas between 2015 and
2023 indicate an intensification of subsidence and underscore the
importance of sustainable management of agricultural resources
and food security. Based on these findings, it can be concluded
that integrating environmental indicators with InNSAR data offers
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an effective framework for assessing subsidence risk in
agricultural lands and provides practical insights for agricultural
planning and land management. For future research, it is
recommended to utilize higher spatial resolution remote sensing
data to more accurately evaluate the impact of agricultural
practices and land use patterns on subsidence risk, extend the
study period to analyze long-term trends and the effects of
climate change on agricultural areas and subsidence, and develop
integrated regression or machine learning models for more
precise prediction of subsidence-prone areas in relation to
agricultural activities and environmental indicators.
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