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Abstract Groundwater extraction rates exceeding recharge are occurring throughout Iran to sustain
industrial and agricultural activities, resulting in land deformation in many areas, particularly in the
Yazd-Ardakan Plain (YAP) in central Iran's dry and desert regions. In this study, Interferometric Synthetic
Aperture Radar (InSAR) time series analysis and statistical models are applied to characterize the
controls on land subsidence in the YAP from 2003 to 2020. Our results reveal the existence of a northwest-
southeast elongated area of 234.45 km? experiencing subsidence at rates up to 15 cm/yr. In the YAP, the
international Airport, railway, transit road, and several industrial and historical sites are threatened by the
differential subsidence. Well data confirm that groundwater levels have decreased by 18 meters between
1974 and 2018, driving the compaction of sediments within the underlying aquifer system. Our statistical
analysis shows that the thickness of a shallow, clay-rich aquitard layer controls the extent of the observed
subsidence and the Independent Component Analysis of the InSAR time series shows that inelastic
compaction is dominated. This work reveals that current groundwater extraction practices in central Iran
are not sustainable and result in permanent subsidence, ground fractures with impact on infrastructures,
and a permanent decrease in water storage capacity.

Plain Language Summary As the world's population grows, the pressure on finite

water resources intensifies, especially in desert areas around the world. Groundwater extraction is
often accompanied by many ancillary problems such as land subsidence. In this work, we show that
the measurements of such land subsidence from satellites can be used to inform many aspects of

water sustainability management plans, which are necessary to develop and implement in the Yazd-
Ardakan Plain (YAP) of Central Iran. Between 2003 and 2020, our ground deformation data in this area
highlight (a) subsidence up to 15 cm/yr, (b) damage to several strategic infrastructures, (c) a significant
yearly groundwater storage loss, and (d) the controls on the land subsidence. This work reveals that
permanent, irrecoverable compaction dominates, mostly controlled by sediments in the subsurface,
and reveals that the current groundwater extraction practices in central Iran are not sustainable. This
work is complementary to the previous studies, providing essential and important data to investigate the
possibility of the collapse of the surface layer and the distribution of fractures in the YAP.

1. Introduction

Deserts and semi-deserts currently comprise more than one-third of the global land surface (Laity, 2009).
In these areas, recent climatic changes (i.e., increasing temperature and decreasing precipitation) occur at
a faster rate than in other environments (Porter et al., 2014). These changes result in the loss of valuable
topsoil by wind erosion, soil salinization, loss of sparse vegetation, and dropping groundwater levels (Lai-
ty, 2009). In addition, the population growth and industrial and urban developments in desert areas have
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resulted in increasing exploitation of underground water resources (Avtar et al., 2019), which leads to land
subsidence. Land subsidence is well-known in desert and semi-desert areas such as the Las Vegas Valley,
Nevada, USA (Amelung et al., 1999), the Avra Valley, Arizona, USA (Hanson et al., 1990), the Mojave De-
sert, California, USA (Galloway et al., 1998), Mexico's San Luis Potosi’ state and Mexico City (Chaussard
et al., 2021; Julio-Miranda et al., 2012), South Kordofan state, Sudan (Gido et al., 2020), Saudi Arabia (Amin
& Bankher, 1997), and Kerman and Yazd regions of Iran (Motagh et al., 2008). Several outcomes are related
to land subsidence such as accelerated erosion along earth fissures, drainage systems, degradation and con-
tamination of groundwater, damage to infrastructure and structures, and socio-economic impacts (Abidin
et al., 2001; Chaussard et al., 2021; Conway, 2016). Therefore, it is important to monitor and investigate
both the temporal variability and spatial extent of land subsidence to establish a continuous monitoring
system and to assist in the development of a sustainable water management program (Baum et al., 2008;
Emil et al., 2018).

Although ground-based geodetic surveys such as precise differential leveling and Global Navigation Satellite
System (GNSS) (Jin & Park, 2006; Jin & Su, 2020) are accurate techniques for monitoring land subsidence,
these approaches are costly and also spatially limited (Galloway & Burbey, 2011). Remote sensing tech-
niques can be used to map and evaluate the sub-centimeter ground displacement with a high spatial resolu-
tion (tens to hundreds meters) over large areas (tens to thousands of square kilometers), and are thus well
suited for monitoring land subsidence (e.g., Chaussard et al. (2013); Chaussard, Wdowinski, et al. (2014)).
Interferometric synthetic aperture radar (InSAR) enables quantifying surface topography and its changes
over large regions (Biirgmann et al., 2000). InSAR uses several Synthetic Aperture Radar (SAR) images of
the same area acquired at different times by a single antenna or at the same time by two antennas separated
in an along-track direction. InSAR has offered insights into the hydrogeological and geological processes in
deforming aquifers (Bell et al., 2008; Bozzano et al., 2015; Chaussard et al., 2017; Hoffmann et al., 2001; Hu
et al., 2018; Ojha et al., 2018; Schmidt & Biirgmann, 2003; Tenzer et al., 2015).

In Iran, intense irrigation of agricultural needs and rapid urban development are the main sources of
groundwater over-drafting and cause depletion of water reservoirs (e.g., Anderssohn et al. (2008)). Through-
out the country, the volume of annual groundwater extraction increased from 20 billion m3 in 1960 to more
than 53 billion m? in 2003 (World Bank, 2005). Land subsidence is documented in more than 300 plains or
sedimentary basins of Iran (Amighpey & Arabi, 2016; Anderssohn et al., 2008; Babaee et al., 2020). Mot-
agh et al. (2017) explored land subsidence in the Rafsanjan plain with InSAR time series analysis of En-
visat, ALOS-1, and Sentinel-1 datasets between 2004 and 2016, revealing subsidence exceeding 30 cm/yr.
Haghighi and Motagh (2019) reported three discrete subsidence zones with rates up to 25 cm/yr in the cap-
ital of Iran, Tehran, using 2003-2017 time series analysis of the Envisat, TerraSAR-X, ALOS, and Sentinel-1
data, and showed that inelastic (permanent) compaction was dominated in this aquifer.

The Yazd-Ardakan Plain (YAP) is one of the main strategic regions in Iran in terms of aggregation of infra-
structures, industrial sites, and transportation corridors (Figure 1, Table S2) (Esfanjary, 2018). Increasing
demand for water resources in recent decades, due to population growth and industrial and agricultural
developments, has led to groundwater depletion and subsidence (Amighpey & Arabi, 2016). In this study,
we quantify the spatiotemporal evolution of land subsidence in the YAP using InSAR time series analysis to
resolve the underlying controls on subsidence rates and spatial extent. The Small BAseline Subset (SBAS)
time series technique (Berardino et al., 2002; Hooper, 2008) was implemented using both the Envisat and
Sentinel-1 datasets to derive time-dependent subsidence between 2003 and 2020. InSAR time series results
were then analyzed with an Independent Component Analysis (ICA) to separate contributions from elastic
(i.e., reversible) and inelastic (i.e., irreversible) deformation (Chaussard & Farr, 2019). Finally, hydroge-
ological and geological parameters were combined using statistical and artificial intelligence methods to
quantify the dominant control(s) on the observed deformation in the YAP aquifer.

2. Yazd-Ardakan Plain

The YAP is located between 53.65 and 54.77 E longitude and 31.55 and 32.50 N latitude in the central part
of the province of Yazd (Figure 1). The elevation in this region rises from 997 to 2677 m above sea level from
the north towards the south.
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Figure 1. (a) Location of Yazd-Ardakan Plain (YAP) in Iran, indicated with a red rectangle. (b) Topography of the YAP with black dots showing the cities of
Ardakan, Meybod, Ashkezar, Shahedieh, Yazd, Hamidia, Zarch, Taft, and Mehriz. (c) Main infrastructures, industrial and historical sites located in the YAP (see

Table S2).

The YAP is a dry desert with average annual evaporation of ~2900 mm and average annual rainfall of
~130 mm (TAMAB, 2004) based on recorded data during 1969-2011. Within the YAP, there is no year-round
surface water and, accordingly, cities have relied on groundwater delivered through ganats (a system of
connected underground wells). The YAP aquifer covers an area of 2618.57 km? (Figure 2a). This confined
aquifer is topped by a tens-of-meters thick clay-rich aquitard layer in the central part of the valley (light-
blue in Figure 2b). Groundwater levels are measured monthly by the Iran Water Resources Management
(TAMARB, 2004) using 81 piezometers, which reveal maximum and minimum depths to water levels of
164.6 and 8.12 m, respectively (Regional Water Company of Yazd, 2014). Table S1 provides the estimated
discharge and recharge components of the long-term groundwater balance in the YAP over 30 years (1981-
2011), which shows that the primary source of aquifer discharge is withdrawal through pumping wells,
qanats, and springs at 323.14 million m3 per year (Figure S1). A key contribution to aquifer recharge comes
from the return of wastewater from the agricultural sector at 84.14 million m? per year, while recharge by
precipitation amounts to only 11.53 million m?3 per year and loss by evaporation from groundwater was
estimated to be insignificant (Regional Water Company of Yazd, 2014). A large net storage loss of ~65.93
million m? per year (the difference between discharge and recharge components in Table S1) has led the
Water Resource Company of Ministry of Energy to label the YAP as a "forbidden” aquifer, a term used to
refer to the most imperiled aquifers in Iran (Regional Water Company of Yazd, 2014).

Figure 2a shows the Jurassic to Quaternary lithologies observed in the YAP. Quaternary sediments cover the
largest part of the YAP with 74.6% of this area, consisting of sand dunes, alluvium, and sabkha (salty silts,
clays, and salt flats). The Dehshir fault, a 400 km-long NNW-trend strike-slip fault (Walker & Jackson, 2004)
with an estimated right-lateral slip rate of 2 mm per year (Walker et al., 2009), is bounding the YAP to the
southwest (red line in Figure 2a).
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Figure 2. (a) Geological map of the Yazd-Ardakan Plain (YAP) modified from the Geological Survey of Iran (1997). Black lines represent the confined aquifer
boundary. Brown line shows the location of cross-section (A-A’). Red and green dots show the locations of piezometers and exploration wells, respectively.
Black dots, labeled by Sta.1 to Sta. 8, show the locations of synoptic stations, Aqda, NasrAbad, Ardakan, Meybod, Sadoogh, Yazd, Taft, and Mehriz. Outline

of frames from Sentinel-1 and Envisat tracks in the ascending and descending orbit directions are shown with the blue and red rectangles, respectively. (b)
Geologic cross-section of the YAP aquifer along A-A’ relying on data from the exploration wells shown in (a). They show that the geological materials of the
aquifer are mostly unconsolidated sediments (clay and sand: orange; sand and gravel: yellow; clay, sand, and gravel mix: cyan; and gravel and clay: purple), and
their thickness decreases from the south (left) to the north (right). The topmost clay unit (blue) corresponds to the confining aquitard layer.
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3. Data and Methods
3.1. Data
3.1.1. SAR Satellite Data

248 Sentinel-1 images acquired in Interferometric Wide-swath (IW) mode from the Alaska Satellite Facility
(ASF), and 40 Envisat ASAR images in StripMap (SM) mode from the European Space Agency (ESA) are
used. Sentinel-1 images were acquired from October 2014 to March 2020 from both descending and as-
cending orbits (Figure 2a) with a resolution of 5 x 20 m (Range X Azimuth) (Table S3). The Envisat ASAR
images were acquired from March 2003 to October 2010 and from September 2004 to July 2010 from the
descending and ascending orbits, respectively (Figure 2a), with a resolution of 8 X 4 m (Range X Azimuth)
(Table S4).

3.1.2. Hydrological Data

Monthly data from 23 piezometers are used to assess groundwater level (GWL) variations between 2004 and
2018 (Figure 2a). We use an Inverse Distance Weighted (IDW) (ESRI, 2012; Gong et al., 2014) approach to
produce a map of annual GWL changes (Figure S2c). The Kernel Density method (Trabelsi et al., 2016) was
used to map the density of pumping wells (Figure S2b) and the annual pumping volume (Figure S2d) by
interpolation of 1194 pumping wells data (Figure S2f). Aquifer transmissivity is one of the most important
properties affecting yields of a pumping well. It is equal to the product of the aquifer thickness (m) and
hydraulic conductivity (K) and describes an aquifer's capacity to transmit water (Cheremisinoff, 1998; Ster-
rett, 2007). A transmissivity map (Figure S2e) was generated by interpolating transmissivity point data from
pumping tests (Parizi et al., 2019; Regional Water Company of Yazd, 2014).

3.1.3. Geological Data

Stratigraphic data within the YAP (Figure 2a) are derived from the geological map at a scale of 1:100000
provided and distributed by the Geological Survey and Mineral Explorations of Iran (GSI) (Geological Sur-
vey of Iran, 1997). The logs of 26 exploration wells (Figure 2a; TAMAB (2004)) were utilized to derive the
spatial distribution and thickness of clay sediments (Figure S2a) with an IDW approach (ESRI, 2012; Gong
et al., 2014).

3.1.4. Weather Data

Time-series of Land Surface Temperature (LST) were generated using the MODIS/Terra product MOD11_
L2 swath that provides daily LST and emissivity values with a resolution of 1 km in a 1200 km X 1200 km
grid (Figures S3a and S3b). Time series of precipitation were generated using the daily precipitation data
of eight stations (see their locations in Figure 2a) distributed in the YAP (Iran Meteorological Organiza-
tion, 2018) (Figure S3c). The Temperature-Vegetation-soil Moisture Dryness Index (TVMDI) was computed
using (a) LST data, (b) Soil Moisture (SM) data, and (c) Perpendicular Vegetation Index (PVI) in the form of

2
TVMDI = \/LSTz +SM? + (\/5 /13— PVI) , used to assess the pattern of dryness over the study area (Fig-
ure S4b; Amani et al. (2017)).

3.2. Methods
3.2.1. InSAR Processing

The InSAR Computing Environment (ISCE) software was used to produce over 970 and 280 Sentinel-1 and
Envisat interferograms, respectively (see Figure 3). Temporal and perpendicular baseline thresholds were
set to 1800 days and 1070 m for the Envisat data. For Sentinel-1 data, interferograms were formed between
each epoch and the four preceding and four subsequent epochs. To reduce the speckle noise and increase
processing speed, the interferograms were resampled to ~90 and ~30 m for the Envisat and Sentinel-1 data-
sets, respectively. The topographic phase was removed using the 1-arcsec Shuttle Radar Topography Mission
(SRTM) Digital Elevation Model (DEM) (Jarvis et al., 2008). The statistical-Cost Network-Flow Algorithm
for Phase Unwrapping (SNAPHU) was used for phase unwrapping (Chen & Zebker, 2003). As deformation
rates before and after large data gaps in 2007 were consistent, a joint rate (linear fit + offset) was calculated
for the descending Envisat dataset (Figure S5). A similar approach was also used to combine the individual
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Figure 3. Envisat and Sentinel-1 interferograms visualized in the spatial and temporal baseline domains and color-coded by average spatial coherence. (a)
Envisat ascending, (b) Envisat descending, (c) Sentinel-1 ascending, and (d) Sentinel-1 descending. Dashed lines in (a) and (b) illustrate Envisat interferograms
dropped when applying the average spatial coherence thresholds. Solid lines show interferograms inverted to retrieve the time series of surface deformation.

Envisat time series into a single time series, assuming constant subsidence rates, as suggested by individual
time series.

We use the Small BAseline Subset (SBAS) time series method (Berardino et al., 2002) implemented in the
Miami INsar Time-series software in PYthon (MintPy) (Yunjun et al., 2019) to invert a network of interfero-
grams and retrieve surface displacement through time. In MintPy, average spatial coherence thresholds of
0.87 and 0.77 (Figure 3) were used to remove outliers affected by unwrapping errors (Tizzani et al., 2007)
for the Envisat ascending and descending, respectively. The tropospheric delay was corrected using PyAPS
(Jolivet et al., 2011, 2014) and the ECMWF Reanalysis v5 (ERA-5) weather model with a spatial resolution
of 31 km (Hersbach et al., 2020). Regional phase ramps caused by long-wavelength tropospheric and ion-
ospheric delays and orbital errors were removed by a linear ramp calculated at each acquisition. The em-
pirical model of Marinkovic and Larsen (2013) was used to correct the Local Oscillator Drift of the Envisat
ASAR datasets and to improve the geo-location accuracy of the Envisat interferograms. Finally, the dis-
placement time series were all referenced to a single pixel that exhibits high coherence (cross in Figure 5).

Ascending and descending time series were combined to calculate the vertical and east-west components,
assuming no contributions from the north-south component (Wright et al., 2004), by minimizing as:

ve de
|:v:|:U'|:d:|_RLOS Y]
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where d = (de,du )T is the 2D deformation vector (east-west, vertical); (v,,v,) are the observation residuals,
sin(HA).cos(QA) cos(HA)
sin(HD).cos(QD) cos(HD)
the incidence angle value for each Distributed Scatterer and & is the satellite-heading angle for each orbit.
R, os contains the LOS measurements for the ascending and descending orbits. If the covariance matrix for
errors in the LOS measurements is ) ., by minimizing the observation residuals, the deformation vector

and U = is a matrix, including the Line-Of-Sight (LOS) vectors, where & is

-1
d :—(U T.Z:.U ) U T.Z;.R can be calculated with a weighted least-squares inversion. The covariance

-1
matrix for the vector componentsis )’ , = (U T.Z;].U ) and, as errors in LOS measurements are independ-
ent in the ascending and descending measurements, we get

Y, :02(UT.U)71 @)

0

o3 [
respectively. The square root of the diagonal terms of )" , gives a standard displacement error that can be
considered as uncertainties in space over the YAP. InSAR uncertainties in time were calculated by averaging
a 31 x 31 pixels window near the reference point at each time step of the ascending and descending time

series for both the Envisat and Sentinel-1 datasets.

where 6% = and o} and o, are the standard deviations for the ascending and descending orbits,

3.2.2. GWL Changes and Ground Displacement

To assess the potential relationship between the GWL changes and the observed deformation, we gather
time series of vertical displacement and of GWL at the locations of piezometers. To generate time series of
vertical displacement from the LOS Sentinel-1 ascending and descending time series, we calculate the pix-
el-wise horizontal-to-vertical ratios from the mean horizontal and vertical velocity maps and multiplied the
LOS deformation at each pixel by the corresponding ratio (assuming that the ratio of horizontal-to-vertical
displacement at each pixel is constant throughout the Sentinel-1 observation period). During the period of
record, converted-vertical displacements are computed in two-week intervals while the GWL changes are
available monthly. Due to this temporal sampling difference, we compare duration curves of converted-ver-
tical displacements to GWL changes.

A duration curve illustrates the data variability in the frequency domain by illuminating the proportion of
the data that exceeds the given value of data. Duration curves are widely used to characterize streamflow
variability over different time steps (e.g., daily, monthly, and yearly) (Castellarin et al., 2004; Ghotbi, Wang,
Singh, Bloschl, et al., 2020, Ghotbi, Wang, Singh, Mayo, et al., 2020b; Vogel & Fennessey, 1994). The dura-
tion curves of GWL changes and vertical displacement (referred to hereafter as GDC for Groundwater Du-
ration Curves and DDC for Displacement Duration Curves, respectively) are computed from the 2014-2018
data. For computing the GDC, monthly GWL changes are sorted in decreasing order and are each attributed
arank (e.g., rank m = 1,2, ..., n) with the rank »n corresponding to the smallest GWL change. The probability
of the ranked GWL change (i.e., GWL, where =1, 2, ..., n) is a probability that GWL is greater than the
given ranked value (GWL,), and is computed with the Weibull method i.e., . = m/n + 1 (Vogel & Fennes-
sey, 1994). The GDC shows GWL,; as a function of P, with the central part of duration curves (i.e., 30th to
70th percentiles) representing the long-term variability (Sawicz et al., 2011) while other parts of duration
curves are related to the high and low variabilities of the GWL changes and vertical displacement. As such,
to quantify the long-term variability from duration curves, we compute the corresponding slope S, (Yadav
et al., 2007):

Y300, — Y-
_ 130% ~ 170% 3)

b€ 70,70 - 0.30

where Y, and Y, are the values (e.g., GWL 5, and GWL ,, or D 5, and D), corresponding to the 30th and
70th percentiles of exceedance probability, respectively.
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Figure 4. Schematic representation of the datasets used in the statistical methods to explore the controls on the subsidence rates and extent to the potential
predictor variables (e.g., clay layer thickness, density of pumping wells, annual pumping volume, groundwater level change, and transmissivity (see Figure S2)).

3.2.3. Statistical Modeling Methods

To explore the controls on the land subsidence rates and extent, we compare the observed vertical defor-
mation to vertical deformation simulated by potential predictor variables (clay layer thickness, density of
pumping wells, GWL changes, annual pumping volume, and transmissivity; Figure 4; [SHIBASAKI, 1969])
through (a) a Multi-Linear Regression (MLR) approach and (b) a Support Vector Machine Regression (SVR)
(Abdollahi et al., 2019; Tien Bui et al., 2018; Vapnik, 1995) approach. A MLR, with ¥ and X, representing
the observed response (land subsidence) and the potential predictor variables, respectively, and a, a regres-
sion constant and g, the coefficients of the model follows:

Y=ay+a xX +a,xX, +..+a xX; 4)

We use the Statistics and Machine Learning Toolbox of MathWorks and a linear epsilon-insensitive SVR
(e-SVR) approach, also known as L1 loss (MathWorks, 2019). In e-SVR, training data include the values
of potential predictor variables and the observed response (Figure 4) with the goal of finding a function
Sflx) which can be linear, quadratic, cubic, fine-gaussian, medium-gaussian, or coarse-gaussian (Math-
Works, 2019) that deviates from the observed response values (y,) by a value no greater than ¢ for a multi-
variate set of the potential predictor variables (x,) (Chen et al., 2006).

3.2.4. Elastic Versus Inelastic Aquifer Response

Determining whether land subsidence is irrecoverable (inelastic) or recoverable (elastic) is important for
water resources management strategies. Chaussard and Farr (2019) proposed a new method to separate
elastic from inelastic behavior of deformation with an Independent Component Analysis (ICA), assuming
that the independent sources have been linearly combined in the original signal (Gualandi et al., 2017). We
apply the fixed-point algorithm, FastICA (Hyvérinen & Oja, 1997) and use a Principal Component Analysis
(PCA) and the truncation of variance rule to impose the number of independent components (ICs) and
their order of importance (Cattell, 1966; Chaussard et al., 2017). We reply on the Sentinel-1 data, which has
1,408,439 samples per epoch and 118 and 129 epochs (acquisitions between 2014 and 2020) for the descend-
ing and ascending orbits, respectively. Following the PCA results, only one component explains ~99.5% of
the eigenvalues (compared to 99.6% with two components). We display an eigenvalue time series for each
IC to represent its magnitude at each epoch, as well as, a score map, which has been scaled by the contri-
bution of retained components to the original data and highlights the pixels with the observed eigenvalue
time series.

MIRZADEH ET AL.
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Figure 5. Annual mean deformation rate maps of the vertical component from (a) Envisat and (b) Sentinel-1 data, and the horizontal component from (c)
Envisat and (d) Sentinel-1 data. Red colors show downward and eastward movements in the vertical and horizontal maps, respectively. Blue colors show
westward movement in the horizontal component and areas of little or no deformation in the vertical maps. The black and red circles indicate cities and the
Yazd Sadooghi International Airport (YSIA), respectively. The dashed lines show the locations of the two profiles (A — A") and(B — B’) in Figure 7. The cross
indicates the reference pixel located in a stable area. The black and red polygons indicate the Main Subsidence Feature and a new subsidence area to the
southeast of Yazd city, respectively. The arrows in (b) indicate the direction of growth of the two subsiding areas.

4. Results and Analysis
4.1. Spatiotemporal Pattern of Subsidence

The spatiotemporal pattern of subsidence in the YAP is analyzed. Figure 5 shows the mean vertical and
horizontal velocity maps in the YAP, decomposed by the mean LOS velocity from ascending and descending
orbits (Figure S6). The most significant subsidence feature is an elongated northwest-southeast zone, south
of Meybod and north of Ashkezar (dark circles in Figures 5a and 5b). This zone of subsidence, referred to
as the Main Subsidence Feature (MSF), covers an area of 234.45 km? (Figure 5) and is seen in both Envisat
and Sentinel-1 datasets. While the overall shape and boundary of the MSF are consistent over the 17 years
of InSAR data, the displacement rates and spatial extents appear to have changed over time. The MSF extent
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Figure 6. (a) Differential vertical velocity map between the Envisat and Sentinel data (Figures 5a and 5b). The black polygon shows the boundary of the
Main Subsidence Feature (MSF). Comparison between Envisat and Sentinel-1 (b) vertical velocities and (c) horizontal velocities over the MSF. The differential
vertical rates fall within a three-sigma range of +1.5 cm/yr (dash-dotted lines), while the Sentinel-1 and Envisat horizontal motions do not appear correlated.

has grown westward and toward the Yazd and Meybod cities in the Sentinel data, with a subsidence rate
of ~2 cm/yr in areas that appeared stable in the Envisat data (indicated with the arrows in Figure 5b). A
differential vertical velocity map between the Envisat and Sentinel data (Figure 6a) confirms that the sub-
sidence has expanded laterally along the southern and western boundaries of the MSF. In Figure 6a, both
an increase and a decrease in the trend of subsidence by 2 cm/yr and 0.8 cm/yr are seen in the northeast
and southwest parts of the MSF, respectively, while a new subsidence area is detected southeast of Yazd city
(red polygon in Figure 5b). Figure 6b shows a good agreement between the Envisat and Sentinel vertical
motions (with a correlation of 0.95 and a standard deviation of 0.7 cm/yr), while Figures 6¢, 7c and 7d
show that the Sentinel-1 and Envisat horizontal motions differ significantly, likely due to the greater uncer-
tainties of the Envisat data (Figure 3). The 2014-2020 Sentinel-1 data reveals eastward ground motion of
1.5 cm/yr on the western side of the MSF and westward motion at 1.2 cm/yr on the eastern side of the MSF
(Figure 5d). Although Figure S2b shows that the distribution of pumping wells is low in these areas with
opposite horizontal motions, the volume of water extracted appears to be sufficient to create this inner zone
of contraction (Helm, 1994).

The profiles in Figures 7a and 7b confirm that the Envisat and Sentinel-1 data detect significant differences
e.g., the greater 2014-2020 (Sentinel-1) subsidence rates (a) on profile A-A’ between 5 and 10 km (Figure 7a,
shaded area), and (b) on profile B-B’ between 0 and 7 km (Figure 7b, shaded area), highlighting the expan-
sion of the subsiding area towards the south. In addition, both profiles show that in the center of the MSF
subsidence rates accelerated by about 5 cm/yr between the Envisat and Sentinel-1 data. A localized area
with almost 14 cm/yr of subsidence is observed for 20 pixels in the Sentinel-1 data (peak in Figure 7b) and
may represent failing/sinking of an engineered highway overpass (Figure S7a). Figure S7 shows the coher-
ence at these pixels in all interferograms from the Sentinel-1 ascending and descending datasets. It can be
seen that the temporal coherence of all pixels is consistently greater than 0.5, confirming that unwrapping
errors, which are the dominant source of the processing errors in local subsidence estimation and tends to
occur in low coherence areas (Zhao et al., 2016), are unlikely. Figure 7c confirms the existence of eastward
motion on the west side of the MSF and a westward motion on the east side in the Sentinel-1 data. Figure 7d
shows no clear east-west deformation in the N-S oriented profile and further illustrates the greater noise
of the Envisat data. The uncertainties of both vertical and horizontal rates along the profiles are shown in
the inset plots with Sentinel-1 data having a standard deviation of about 1 mm/yr along both profiles and
Envisat of 2-4 mm/yr (see Figure S8 for maps of uncertainties). Over the entire study area, uncertainties are
mostly <2 mm/yr with means of 0.6 and 0.4 mm/yr for the Envisat and Sentinel-1 vertical components, and
0.4 and 0.3 mm/yr for the Envisat and Sentinel-1 horizontal components, respectively (Figure S8). Similarly,
the majority of uncertainties for both the ascending and descending epochs of the Envisat and Sentinel-1
data are <2 mm (Figure S9).
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Figure 7. Mean vertical (a), (b) and horizontal (c), (d) velocities derived from Envisat (blue) and Sentinel-1 (red) data along the profiles (A — A") and(B — B’)
(locations shown in Figure 5). The insets show the corresponding three-sigma uncertainties. The shaded areas highlight significantly different signals in the
2003-2010 Envisat and 2014-2020 Sentinel-1 data mentioned in the text.

4.2. Infrastructure Monitoring

Comparison of our data with optical imagery reveals that land subsidence at varying rates occurs in agri-
cultural lands, urban areas, and industrial areas, potentially affecting factories and infrastructures, such as
roads and power grids. Table S5 provides a list of the infrastructures located in subsiding areas. One of the
most important infrastructures in the YAP is the Bandar Abbas-Yazd-Ardakan Transit road. Figures 8b-8e
highlights the mean vertical and horizontal velocities along different sections of the road as seen in the
Sentinel-1 data. Section (A) experiences rapid subsidence over a 40 km section with a peak subsidence
rate of 14 cm/yr, without significant horizontal motion. About 1.5 km south-southwest of this section and
2 km northeast of nearest residential areas (red circle in Figure 8a), differential subsidence led to multiple
ground fissures (Figure 9). Section (B) experiences vertical displacement along a 25 km long section with a
peak value of 13 cm/yr and no significant horizontal deformation. Section (C) experiences subsidence in the
northernmost 10 km with a peak of 1.7 cm/yr and no significant horizontal motion.

Another important transportation structure is the 85-km-long Tehran-Bandar Abbas railway connecting
the Yazd province to the Provinces of Isfahan and Kerman. This section, known as the Santo section, is one
of the most trafficked rail lines of Iran. Figure 8e reveals two ~20 km-long subsiding sections with rates of
1.7 and 1.4 cm/yr, respectively, and no significant horizontal deformation. Subsidence of up to 2 cm/yr is
also observed near the Yazd Sadooghi International Airport (YSIA) (see location in Figure 5), which served
431,500 passengers in 2012, making it the 11" airport in Iran (Iranian Students' News Agency, 2013).
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Figure 8.
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Figure 9. Photograph looking South taken from the location of the red circle on Figure 8a which illustrates the fissures
that have developed as a result of the observed differential subsidence (the person shows the scale).

4.3. Potential Causes of Land Subsidence

To gain further insights into the controls that hydrogeological and geological parameters may have on the
rate and extent of the land subsidence, we carry out the following analysis using the vertical component
of deformation while the rate and pattern of the horizontal component of deformation will be explored in
further detail in future work.

4.3.1. Hydrogeological Conditions

Figure S3a-S3b shows that between 2004 and 2019, a 3.2°C increase (0.2°C/yr) in the average LST occurred
in the region. Figure S3b shows that the LST was consistently higher throughout 2019 compared to 2004
(with the exception of January). Figure S3c shows that precipitation in 2018 amounted to approximate-
ly only half of the 2003 precipitation (Sharafi & Karim, 2020), and while annual precipitation is highly
variable, there is an overall trend towards decreasing rainfall in recent decades. These climatic changes
(increased temperature and decreased precipitation) have likely led to an increased degree of dryness (Fig-
ure S4b), which in turn influences natural recharge and discharge from evapotranspiration.

In addition, the Statistics Center of Iran reported a significant population growth of 3.67% per year between
1956 and 2016 (Fanni, 2006) in the cities located in the YAP (Figures 1b and S10), leading to increased ag-
ricultural and industrial activities (e.g., tile and steel) (see Figure 1c), which influences groundwater usage
(Figure S1). GWL fluctuations in the aquifer over 44 years (1974-2018) (Figure 10) reveal an average 18 m
drop in the YAP aquifer (Figure 10a). Figure 10b shows that 4,010 million cubic meters (MCM) were extract-
ed from the aquifer during this period with 90%, 6.2%, and 3.8% used by the agriculture, urban, and industry
sectors, respectively (Fig. S1b-S1e) (Iran's WRM Co., 2014).

To assess the potential relationship between the GWL changes and observed deformation, the time series
of converted-vertical displacement (see Section 3.2.2) and GWL changes were determined at sites P1-P4
(locations shown in Figure 8a). The converted-vertical displacement time series from the ascending data
do not differ significantly from vertical time series converted from the descending data (Figure S11). We
use the ascending, converted-vertical displacement time series, which has 11 more acquisitions than the
descending data, to compare to the GWL fluctuations in the probability and time domains (see method in
Section 3.2.2, Figure S12).

Correlation values of 0.67 and 0.81 are observed between the converted-vertical displacements and the GWL
changes at P1 and P4, respectively (Figure S11), suggesting that GWL changes may influence the subsidence

Figure 8. (a) Locations of the Bandar Abbas-Yazd-Ardakan Transit road sections (shown by the red, blue, and black lines), and of the railway (dashed black
line). Blue and red symbols indicate the locations of time series (Figure S11) and ground observation sites (Figure 9), respectively. Mean Sentinel-1 vertical (red)
and horizontal (blue) velocities for (b) Section (A), (c) Section (B), (d) Section (C) of the Badar Abbas-Yazd-Ardakan transit road, and (e) the Tehran-Bandar
Abbas railway. The insets show the corresponding uncertainties. Black points in (a) indicate the mean Sentinel-1 vertical and horizontal velocities for the
projected location of ground observation site on Section (A).
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Figure 10. (a) Average annual accumulated groundwater level changes (AGLC) in meters (mean lowering of
groundwater level of aquifer) and (b) total annual accumulated groundwater volume changes (AGVC) in the million
cubic meters for the Yazd-Ardakan Plain aquifer system between 1974 and 2018 (Iran's WRM Co., 2014).

rates. At P2, although the time series of GWL changes and converted-vertical displacements have a corre-
lation of 0.7, their trends differ significantly. Finally, at P3, the correlation between the converted-vertical
displacements and the GWL changes is only 0.21 (Figure S11), suggesting that other factors also influence
the subsidence rates.

Figure 11 shows the exceedance probability (EP) analysis of converted-vertical displacements and GWL
changes. The duration curves of converted-vertical displacements (DDC) and GWL changes (GDC) mirror
each other at P1 and P4, confirming that, at those locations, the GWL changes and subsidence rates are re-
lated. In contrast, at P2, the slopes S, of the GDC and DDC do not track one another, suggesting that other
factors affect the subsidence rates. At P3, for EP < 0.2, the Sj, of the GWL changes is greater than that of
the converted-vertical displacements, while for EP > 0.2, the Sy, for the GDC is smaller. These observations
suggest that the subsidence rates at P2 and P3 cannot be predicted solely from the observed GWL changes.
It is worth noting that P2 and P3 are located in the area with the thickest clay deposits (Figure S2a).

4.3.2. Geological Settings

We explore the potential influence of the shallow clay layer thickness on the subsidence rates and extent.
The clays thickness increases towards the center of the basin, reaching 134 meters (Figure S2a). We sep-
arate the clay thickness (C) observed throughout the YAP into five classes (C <20 m, 20 m < C < 40 m,
40m<C<60m,60m< C<80m,and C > 80 m (Table 1)) and compare the observed maximum and
mean vertical velocities observed in areas of the valley corresponding to each class (Table 1). The maximum

Figure 11. (a) Mean 2014-2020 Sentinel-1 vertical velocity map. The cross and black circles indicate the reference pixel and the P1-P4 site locations,
respectively. (b—e) Duration curves of groundwater level changes (GDC, red) and converted-vertical displacements (DDC, blue) for P1 to P4 ((b) to (e),

respectively).
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vertical velocities (>10 cm/yr) observed in the Envisat and Sentinel-1

Table 1
Maximum and Mean Vertical Velocities Observed in Areas With Various data are located in areas with clay thicknesses >80 m. In contrast, areas
Clay Thicknesses with clay thicknesses <20m show subsidence rates <6 cm/yr. These obser-

Clay layer thickness (C) (m)

Dataset

Statistical parameters (cm/yr) ~ vVations suggest that the clay thickness is an important factor influencing
the subsidence rates and extent.

Max Mean Std

C<20

20<C<40

40<C<60

60 < C<80

C>80

Envisat
Sentinel
Envisat
Sentinel
Envisat
Sentinel
Envisat
Sentinel
Envisat

Sentinel

5.1 0.7 0.6

57 0.9 0.7 4.4. Relative Control on the Rates and Extent of Observed Land

56 0.6 0.9 Subsidence

56 08 1.1 To quantify the relative importance of hydrological and geological param-
62 1.0 12 eters previously described (i.e., the clay layer thickness, annual pumping
volume, GWL changes, density of pumping wells, and transmissivity)
on the observed land subsidence rates and extent, we use MLR and SVR
approaches (linear and non-linear regression methods, see method Sec-
tion 3.2.3; Figure 12, and Table 2). Due to the low spatial resolution of
108 44 2.8 climate parameters (LST and precipitation), we do not use those varia-
14.6 4.9 2.8 bles in the MLR and SVR approaches. To estimate the goodness of fit and

6.1 1.3 1.4
U2 0.8 2
6.4 1.1 1.4

compare the results with each other, we use the Relative RMSE (RRM-
SE = RMSE / average (mean vertical velocity)) and r-squared (R?) values.

Figure 12 shows that the single-variable MLR and SVR approaches, with the clay layer thickness as a po-
tential predictor, have the highest R? and lowest RRMSE of all single-variable analyses, suggesting that the
clay layer thickness has the strongest influence on the land subsidence rates (RRMSEs of 0.95-1.32 and
R? of 0.42-0.67). Among the bivariate analyses, incorporating the clay layer thickness and the density of
pumping wells improves the R? by 26% and 34% for the Envisat data (MLR and SVR, respectively) and 15%
and 25% for the Sentinel-1 data (MLR and SVR, respectively); and decrease the RRMSE by 10% and 30% for
the Envisat data and 8% and 29% for the Sentinel-1 data (Table 2). These results suggest that the density of
pumping wells is the second most influential parameter after the clay thickness. Figure 12 further confirms
that the multi-variable analyses in which the clay layer thickness is considered as a potential predictor var-
iable perform best.

In addition, Table 2 shows that the SVR method performs better than the MLR method, decreasing the
RRMSE between the predicted and observed subsidence by 66% for the Envisat and 77% for the Sentinel-1
datasets and increasing the R* by 58% for the Envisat and 61% for the Sentinel-1 datasets over the MLR
approach. The better performance of the SVR is likely due to its nonlinearity, which is more accurate but
also difficult to interpret (MathWorks, 2020). Including all potential predictor parameters (instead of only
the clay layer thickness) decreases the value of RRMSE by 66% for the Envisat and 76% for the Sentinel-1
datasets in the SVR and 17% for the Envisat and 15% for the Sentinel-1 datasets in the SVR. These results
suggest that within the YAP, all parameters likely influence in various proportions the subsidence rates and
extent, with the clay thickness being the dominant control.

We perform a sensitivity analysis to quantify the relative importance of each potential predictor variables
to the predicted land subsidence using the MLR method (Li & Merchant, 2013; Parizi et al., 2019) as follow:

~ AV, (j) - AV,
B AV

™w

PV () x 100 (5)
where PV'is the percentage of variation in the predicted subsidence; AV, ( j) is the predicted annual subsid-
ence (with j representing each potential predictor variable), and AV, is the predicted annual land subsid-
ence considering all potential predictor variables. Figure 13 shows that the clay thickness is the dominant
parameter in explaining the variability of land subsidence rates. The pumping well density is the second
most influential parameter, and other parameters have a significantly lower relative importance. In other
words, for a similar distribution of pumping wells and annual pumping volume, thicker clays experience
greater compaction.
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Figure 12. Spider plots illustrating the values of Relative RMSE (RRMSE) (a) and (c) and r-squared (R%) (b) and (d) for all single- and multi-variable Multi-
Linear Regression (MLR) and SVR analyses using several potential predictor variables (i.e., C: Clay Layer Thickness (m), A: Annual Pumping Volume (m?/yr),
D: Density of Pumping Well (Number/km?), G: Groundwater Level (GWL) Change (m/yr), T: Transmissivity (m?/day) and the observed land subsidence from
the Envisat (a),(b) and Sentinel-1 datasets (c), (d).

4.5. Elastic Versus Inelastic Behavior

When an aquifer system experiences greater groundwater-level lowering than previously experienced (i.e.,
the stress exceeds the pre-consolidation stress), pore spaces collapse permanently, resulting in inelastic
deformation (Carlson et al., 2020), which may manifest itself in the formation of surface fissures and cracks
in areas of large differential compaction. Because the inelastic compressibility of aquitards is one to three
orders of magnitude larger than the elastic compressibility of aquitards and aquifers (Pavelko, 2004; Ri-
ley, 1998), most inelastic deformation occurs in aquitard layers (Chaussard, Burgmann et al., 2014, 2017).

While Figure S11 shows no resolvable seasonal variations in the time series of deformation for the four
selected points (P1-P4), performing time series analysis of deformation at each pixel is necessary to ensure
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Table 2

Results of a Multi-Linear Regression (MLR) Approach and a Support Vector Machine Regression (SVR) Approach Considering the Mean Vertical Velocity (MVV)
as a Response Variable and the Other Variables as Potential Predictor Variables (Figure S2)

Variable(s) Regression type Dataset Model type?/Kernel function R2 RRMSE

@ MLR Envisat MVV =-0.026 X C + 0.054 0.42 1.32
SVR Fine Gaussian 0.61 1.08
MLR Sentinel-1 MVV =-0.039 X C - 0.015 0.47 1.20
SVR Fine Gaussian 0.67 0.95

C MLR Envisat MVV = -0.028 X C - 0.820 X D + 0.547 0.53 1.18

b SVR Fine Gaussian 0.82 0.75
MLR Sentinel-1 MVV =-0.042 X C - 1.032 X D + 0.649 0.54 1.11
SVR Fine Gaussian 0.84 0.67

c MLR Envisat MVV = - 0.025 X C - 0.860 X D — 1.612E—6 X A + 0.191 X G + 0.0002 X T + 0.693  0.60 1.09

D

A SVR Fine Gaussian 0.95 0.37

G

K MLR Sentinel-1 MVV =-0.039 X C -1.143 X D - 2.076E—6 X A + 0.489 X G + 0.0004 X T + 0.887 0.61 1.02
SVR Fine Gaussian 0.98 0.23

Note. The r-squared (R?) and Relative RMSE are used to estimate the goodness of fit. In the SVR, the kernel functions (i.e., Gaussian or Radial Basis Function
(RBF), Linear, Quadratic, and Cubic) determine the applied nonlinear transformation to the data before the SVM is trained (MathWorks, 2020).
aAMVV: Mean Vertical Velocity (cm/yr), C: Clay Layer Thickness (m), A: Annual Pumping Volume (m?3/yr), D: Density of Pumping Well (Number/km?), G:
Groundwater Level (GWL) Change (m/yr), T: Transmissivity (m?/day).

that this is a consistent behavior across the entire YAP aquifer. In addition, the long-term subsidence, which
is orders-of-magnitude greater than the seasonal deformation, may mask shorter-term signals. To explore
the time and space variability that may be embedded in the deformation data and hidden by the dominant
signal without relying on a priori constraints, we apply the ICA approach of Chaussard and Farr (2019) to
the Sentinel-1 converted-vertical deformation time series (Figure 14).

The eigenvalue of one component (IC1) corresponds to 99.5% of the sum of all the non-zero eigenvalues,
while a second component (IC2) retains only 0.1% of the eigenvalues. The spatial extent of the IC1 positive
score values is comparable to the mean vertical Sentinel-1 velocity map (Figure 5b), while the IC1 eigenvec-
tor time series highlights a nearly linear trend between 2014 and 2020 with a slope of —2.1 (in eigenvector/
year units) (—15.7 in cm/yr units) (Figure 14a). While IC1 is the only statistically significant component, we

Figure 13. Percentage of variation (PV) of land subsidence explained by each of the potential predictor variables used
in the MLR method.
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Figure 14. (a) Eigenvector time series analysis of IC1 (black) and IC2 (blue) derived from the converted-vertical-ascending Sentinel-1 data (see Figure S13 for
corresponding results for the converted-vertical-descending orbit Sentinel-1 data). (b), (c) Score maps of (b) IC1 and (c) IC2. Black dots show the locations of
the points with time series shown in Figure S11. (d) Map of the clay thickness interpolated between exploration wells (pink dots). (¢) 2014-2020 mean GWL
change map interpolated between piezometers (pink dots).

show the results of IC2 for reference. The IC2 score map shows negative values in the north and south and
positive values in the west (Figure 14c), and an eigenvector time series with a slight downward trend and a
slope of —0.3 (in eigenvector/year units) (—0.001 in cm/yr unit) (Figure 14a).

Figure 14d suggests a positive correlation between the spatial extent of positive IC1 score values (subsid-
ence) and the clay layer thickness, while Figure 14e suggests a positive correlation between the extent of
the northern area with positive score values in IC1 (subsidence) and the area with maximum GWL decline
(blue in Figure 14e). Figure 14d also reveals that GWL declines >0.5 m/yr exist in the entirety of the area
experiencing subsidence (positive score values in IC1). These observations suggest that the amplitude of the
land subsidence is controlled by the thickness of the clay layer once a threshold of GWL decline is reached.

5. Discussion

To develop sustainable conservation plans for the aquifer system, it is important to know whether the ob-
served deformation is dominantly recoverable (elastic) or irrecoverable (inelastic). The ICA results suggest
that almost all the deformation observed in the YAP is inelastic and captured by the IC1. This is in agreement
with observations made in the Mexico City (Chaussard et al., 2021) and contrasts with observations made
in the Central Valley and the Santa Clara Valley aquifers, California, USA where multiple short-term elastic
deformation signals were isolated (Chaussard & Farr, 2019; Chaussard, Wdowinski, et al., 2014, 2017). The
long-wavelength spatial signal observed in the IC2, combined with the low slope observed in the eigen-
vector time series suggest that IC2 likely captures noise associated with orbital errors that are not entirely
accounted for in the processing.

In addition, results from the MLR and SVR analyses suggest that the amplitude of the land subsidence
is controlled by the thickness of the clay layer once a threshold of GWL decline is reached. These results
confirm that (a) the deformation in the YAP is irreversible in locations where a minimum GWL is reached,
leading to stress exceeding the pre-consolidation stress (which accounts for 85% of spatial extent of the
subsiding area), and (b) in those locations, the subsidence rates are constant and mostly controlled by the
clays-layer thickness. These results are similar to what was reported in Mexico City (Chaussard et al., 2021).
These observations emphasize that to manage the YAP water resources, it is necessary to know the aquifer
system characteristics and groundwater storage loss.
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Following the literature (Castellazzi et al., 2018; Chaussard, Biirgmann, et al., 2014; Rezaei et al., 2020;
Smith et al., 2017), we calculate the groundwater storage loss from our InSAR results. Based on the ICA
results, we assume fully inelastic deformation and limit the analysis to the MSF where the aquifer is fully
confined, and consider the periods of 2003-2011 and 2014-2018 (overlapping periods of piezometers and
Envisat- and Sentinel-1 derived InSAR results). Table S6 shows that the storage loss values constrained by
the piezometers and derived from InSAR deformation are comparable and reach 10.06 MCM per year be-
tween 2003 and 2011, and 10.99 MCM per year between 2014 and 2018. Compared to the annual groundwa-
ter storage loss in several aquifers in the world e.g., Central Valley in California (0.091 MCM per km?; (Mill-
er et al., 2020)), Madrid in Spain (0.018 MCM per km?; (Béjar-Pizarro et al., 2017)), San Joaquin Valley in
California (0.016 MCM per km?; (Smith et al., 2017)), and Cangzhou in China (0.004 MCM per km?; (Jiang
et al., 2018)), the annual groundwater storage loss of 0.04 MCM per km? for the YAP aquifer is considerable
and shows the need to develop a sustainability plan.

6. Conclusions

InSAR time series analysis of Envisat and Sentinel-1 data from 2003 to 2020 reveals land subsidence in the
YAP at rates up to 15 cm/yr within an elongated northwest-southeast zone of approximately 234.45 km?.
While the overall shape of the subsiding area did not change over the past 17 years, it grew laterally. Our
data also reveals eastward motion at ~1.5 cm/yr and westward motion at ~1.2 cm/yr on the western and
eastern sides of the subsiding area, respectively, as a result of the radial strain changes across the subsiding
zone. Over 25 km of the Bandar Abbas-Yazd-Ardakan Transit road is affected by subsidence rates up to
5 cm/yr and the nearby airport (YSIA) is subsiding at ~2 cm/yr. While the YAP experienced a significant
lowering in the groundwater levels in the past decades, regression analyses and duration curves of GWL
changes and displacements at sites P2 and P3 show that the thickness of a shallow clay layer has the greatest
correlation with the observed subsidence rates. Finally, the Independent Component Analysis (ICA) reveals
that almost all the subsidence observed in the YAP is inelastic and thus irreversible, which is caused by clay
compaction. The clay layer aquitard is draining at constant rates, resulting in the observed, effectively linear
subsidence rates. These results highlight the need to develop and enforce sustainable water management
strategies to protect the infrastructure and groundwater resources in central Iran.

Data Availability Statement

The Envisat original data are copyrighted by the European Space Agency (ESA) and provided freely through
the ESA archive (https://esar-ds.eo.esa.int/oads/access/). The Sentinel-1 data are made available by the ESA
and distributed and archived through the Alaska Satellite Facility (ASF) (https://www.asf.alaska.edu/senti-
nel/). The hydrological and geological data (i.e., groundwater level, logs of exploration wells, pumping wells,
and precipitation) are found through contacting the Regional Water Company of Yazd (https://www.yzrw.
ir/?21=EN) and the Geological Survey and Mineral Explorations of Iran (GSI) (https://gsi.ir/en) respectively.
The InSAR time series deformation and average deformation rate products, and population density and
weather data can be accessed online with the following link in a public repository (https://doi.org/10.5281/
zenodo.5138189). LST data are obtained from the Google Earth Engine Data Catalog (https://developers.
google.com/earth-engine/datasets). The ERAS5 data and Shuttle Radar Topography Mission (SRTM) DEM
data are provided through the Copernicus Climate Data Store (https://cds.climate.copernicus.eu/#!/home)
and the NASA’s Land Processes Distributed Active Archive Center (LP DAAC), located at the USGS Earth
Resources Observation and Science (EROS) Center (https://e4ftl01.cr.usgs.gov/MEASURES/), respective-
ly. The Miami INsar Time-series software in PYthon (MintPy), InNSAR Computing Environment (ISCE)
software, and Python 3 Atmospheric Phase Screen (PyAPS) are the open-source and available on (https://
github.com/insarlab/MintPy), (http://earthdef.caltech.edu/#), and (https://github.com/isce-framework/
isce2), respectively.
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