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Over the past two decades, land subsidence in the Isfahan-Borkhar aquifer has become a
serious hazard as a result of excessive groundwater extraction. This study aimed to predict
the land subsidence rate and compare the performance of two machine learning algorithms,
Random Forest and XGBoost. The dependent variable was derived from 428 randomly
selected points taken from Iran's national InSAR-derived subsidence map (2014-2020).
Data from 55 piezometric wells (2014-2020) were also used to compute the annual
groundwater-level decline rate via linear regression; this was then converted into a
groundwater drawdown (GWD) raster using the inverse distance weighting (IDW)
method. Thirteen influential variables — elevation, slope, aspect, curvature, Topographic
Wetness Index (TWI), distance to roads, distance to faults, distance to streams, NDVI,
lithology, transmissivity, groundwater drawdown and alluvial thickness — were prepared
at a spatial resolution of 20 m. The data were split into training (70%) and test (30%)
subsets, and the models were evaluated using both random and spatial cross-validation. In
a single random 70/30 split, Random Forest performed slightly better (R2=0.7734, RMSE
= 0.9372 cm, MAE = 0.6720 cm); however, based on the average of 10 independent
repetitions of this evaluation, XGBoost showed relatively better performance. Spatial
cross-validation revealed a marked decline in the generalisability of both models. Alluvial
thickness, distance to fault, transmissivity, elevation, lithology and groundwater

drawdown were identified as the most important controlling factors.

Introduction

Land subsidence is a geomorphological and
engineering-geological process that may result from
natural processes, including sediment compaction and
fault displacement, and human activities such as
excessive groundwater extraction, mining, and oil and
gas extraction. It can damage urban infrastructure,
roads, pipelines, buildings, and industrial facilities,
and may permanently reduce an aquifer’s storage
capacity (Galloway and Burbey, 2011; Gambolati and
Teatini, 2015). In Iran, particularly in central plains
such as Isfahan, declining groundwater levels
associated with agricultural development and
increasing water demand have contributed to
widespread subsidence (Motagh et al., 2008;
Foroughnia et al., 2018).
Previous work in the Isfahan plain has examined the
relationship between subsidence, groundwater-level
decline, and sediment characteristics. These studies
emphasise that thick alluvial deposits and
compressible fine-grained layers can intensify
subsidence. Research in other Iranian plains has also
reported statistically significant relationships between
groundwater-level changes and vertical surface
displacement. In parallel, InNSAR has become an
important tool for monitoring subsidence because it
provides broad spatial coverage and can measure
ground displacement at millimetre-to-centimetre

scales. Studies using Sentinel-1 imagery have
documented subsidence in several Iranian plains,
including the Isfahan region.
Machine-learning algorithms are increasingly used to
model subsidence because they can represent
nonlinear  relationships  between environmental
variables and ground deformation. Random Forest
(RF) reduces variance by averaging the predictions of
multiple decision trees, whereas XGBoost uses
gradient-boosted decision trees and regularisation.
Given the importance of the Isfahan aquifer as a source
of water for domestic, industrial, and agricultural uses,
this study aims to predict the land subsidence rate,
compare the performance of RF and XGBoost, and
identify the most important factors associated with the
predicted subsidence rate.

Study Area

The Isfahan aquifer is located in the central Iranian
Plateau within the Zayandehrud drainage basin. The
groundwater system encompasses the Isfahan and
Borkhar plains and covers approximately 700 kmz. It
receives recharge from the Najafabad aquifer to the
west and acts as a recharge source for groundwater
systems in the northern Borkhar and eastern areas.
The region has an arid to semi-arid climate and very
low average annual precipitation. Population
concentration, large industrial facilities, and extensive
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agricultural land have increased groundwater demand
and disrupted the hydrogeological balance of the
aquifer. The associated decline in groundwater levels
has contributed to widespread subsidence in Isfahan’s
urban area and its northern districts.

Data and Influencing Factors

The dependent variable was obtained from Iran’s
national InSAR-derived annual vertical ground-
displacement-rate map for 2014-2020. A total of 428
points were randomly selected from pixels with valid
subsidence-rate values. Areas marked as NoData in the
INSAR product were excluded because the actual
subsidence rate could not be extracted for those
locations.

Thirteen independent variables were selected based on
previous research, data availability, and the
hydrogeological conditions of the Isfahan plain:
elevation, slope, aspect, curvature, Topographic
Wetness Index (TWI), distance to roads, distance to
faults, distance to streams, Normalised Difference
Vegetation Index (NDVI), lithology, transmissivity,
groundwater drawdown (GWD), and alluvial
thickness. Topographic layers were derived from the
ALOS PALSAR digital elevation model at 12.5 m
resolution. NDVI was generated from 2020 Sentinel-2
imagery using SNAP. Distance layers were prepared
from provincial base maps, while lithology, alluvial
thickness, and transmissivity were obtained from
geological and regional water-resource datasets.
Groundwater-level data from 55 piezometric wells
were used to calculate the linear rate of groundwater-
level change over 2014-2020, using September
observations. September was selected as a critical
period associated with high withdrawal and low
groundwater levels. The resulting point values were
interpolated to a continuous raster using inverse
distance weighting (IDW). Kriging was initially tested,
but the limited number and irregular distribution of
wells did not allow a stable variogram to be fitted and
produced unrealistic spatial patterns. IDW parameters,
including a power of 2 and a variable search radius,
were selected by minimising RMSE in leave-one-out
cross-validation.

All raster layers were standardised to WGS 84 / UTM
Zone 39N, a common extent, and a 20 x 20 m cell size.
Predictor values and subsidence rates were extracted at
the sample points. Where predictor data were missing,
values were estimated using the mean or mode. The
exclusion of NoData areas reduced the number of
usable observations and limited spatial coverage.

Materials and Methods

The modelling workflow comprised preparation of the
subsidence samples, generation and harmonisation of
the predictor layers, machine-learning model
development, and production of continuous prediction

maps. The 428 samples were divided into training
(70%) and test (30%) subsets. The test subset was kept
independent of model fitting, hyperparameter tuning,
and feature selection until final evaluation. To reduce
data leakage, StandardScaler was fitted using the
training data only and then applied to both subsets.
Two regression algorithms were implemented in
Python using scikit-learn and XGBoost. RF is an
ensemble approach that averages predictions from
multiple decision trees, while XGBoost sequentially
builds boosted trees and incorporates regularisation.
Hyperparameters were tuned using grid search with
five-fold cross-validation.
Model performance was evaluated using the
coefficient of determination (R?), root mean square
error (RMSE), and mean absolute error (MAE). The
study considered a single random 70/30 hold-out split,
random five-fold cross-validation, ten independent
random 70/30 repetitions, spatial K-means cross-
validation, and spatial block cross-validation. The
spatial validation schemes were included to examine
whether model performance remained reliable when
test observations were geographically separated from
training observations.
Because the 428 sample points were unevenly
distributed and concentrated in zones with observed
subsidence, direct point predictions did not provide
sufficient spatial continuity for mapping. Kriging was
not applied to the model outputs because the stepwise
predictions from tree-based models do not necessarily
provide the variographic structure required by Kriging.
Instead, predicted subsidence values were interpolated
using IDW to create continuous raster maps. This
interpolation was used to represent the predicted
values spatially and should not be interpreted as
providing new independent observations.

Results and Discussion

Both machine-learning models showed useful
predictive performance under random evaluation, but
their relative performance depended on the validation
method. The resulting spatial prediction maps
indicated that higher predicted subsidence rates were
concentrated mainly in the central and southern parts
of the study area, where groundwater-level decline and
thick fine-grained alluvial deposits coincide. The
following subsections detail model performance and
the importance of the influencing factors.

Model Performance Evaluation

In the single random 70/30 hold-out evaluation, RF
performed slightly better than XGBoost. RF achieved
R2=0.7734, RMSE = 0.9372 cm, and MAE = 0.6720
cm, compared with Rz = 0.7564, RMSE = 0.9717 cm,
and MAE = 0.6795 cm for XGBoost.
Across ten independent random 70/30 repetitions,
XGBoost showed better average performance than RF.
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XGBoost achieved mean R2=0.7444 + 0.0319, RMSE
= 0.9759 + 0.0816 cm, and MAE = 0.6825 + 0.0432
cm. The corresponding RF results were R2 = 0.7153 +
0.0282, RMSE = 1.0349 £ 0.1259 cm, and MAE =
0.7250 £+ 0.0596 cm. Random five-fold cross-
validation also produced a slightly higher mean R2 for
XGBoost (0.7049 + 0.0952) than for RF (0.6979 +
0.0674).

Performance declined substantially under spatial
validation. Spatial K-means cross-validation produced
negative mean R? values for RF (—1.1281 + 2.8631)
and XGBoost (—1.3282 £ 3.2260). Under spatial block
cross-validation, mean R? was —3.5120 £+ 7.6668 for
RF and —6.2168 + 12.8742 for XGBoost. Negative R?
indicates that, for these spatially separated test
samples, predictions were worse than a baseline
prediction based on the training mean.
These results indicate that the apparent ranking of the
algorithms depends on the validation design. RF was
marginally better in one random hold-out split,
whereas XGBoost performed better on average across
the ten repeated random splits. However, neither
model generalised well under spatial validation.
Spatial autocorrelation, the limited number of
observations within spatial blocks, and the possibility
that the models learned local rather than transferable
patterns may help explain this deterioration.
Accordingly, random-split metrics alone may
overstate the models’ ability to predict subsidence in
spatially independent locations.

Feature Importance

Feature importance was calculated using Gini impurity
reduction for RF and the Gain criterion for XGBoost.
In XGBoost, the most important variables were
alluvial thickness, transmissivity, distance to fault,
elevation, and lithology, while groundwater drawdown
ranked sixth. These results suggest that the predicted
subsidence pattern is associated with a combination of
subsurface sediment characteristics, aquifer hydraulic
properties, geological setting, and groundwater-level
decline.

The importance of alluvial thickness is consistent with
the role of thick, compressible fine-grained sediments
in consolidation and subsidence. Groundwater-level
decline is also hydrogeologically relevant because
reduced groundwater pressure can promote
compaction of susceptible sediments. Transmissivity
was highly ranked by XGBoost, but feature
importance describes the contribution of a predictor to
the model’s predictions and does not by itself establish
a causal relationship.
SHAP analysis was conducted for RF; stable SHAP
computation for XGBoost was not feasible because of
computational  constraints. The mean SHAP
contributions were negative for distance to fault,
alluvial thickness, elevation, and transmissivity, and
positive for GWD, distance to road, distance to stream,

slope, TWI, NDVI, aspect, and lithology. The SHAP
beeswarm plot showed a relatively wide range of
contributions for distance to fault, alluvial thickness,
and elevation, indicating substantial influence on
individual model outputs, whereas curvature and TWI
showed more limited influence. The sign of a mean
SHAP value should not be interpreted alone as
evidence that an increase in the variable causes
subsidence to increase or decrease. SHAP dependence
plots for key predictors would be needed to investigate
the direction and possible nonlinearity of these
relationships more directly.

Spatial Pattern of Predicted Subsidence

The final maps generated by IDW interpolation
showed that the highest predicted subsidence rates
were concentrated in the central and southern parts of
the aquifer. These areas corresponded with
pronounced groundwater-level decline and thicker
fine-grained alluvial deposits, including clay-rich
materials, which may increase compressibility and the
potential for consolidation. In contrast, marginal parts
of the plain generally showed lower predicted rates,
consistent with thinner alluvial deposits and proximity
to bedrock.

The distribution of sample points was constrained by
the valid-data coverage of the original INSAR product.
Consequently, areas marked as NoData were not
represented by observed subsidence values and could
not contribute equivalent ground-truth samples to
model development. The interpolated maps should
therefore be interpreted in light of these data-coverage
limitations and the weak spatial generalisability
identified by spatial cross-validation.

Conclusions

This study combined InSAR-derived subsidence rates,
piezometric observations, satellite imagery, geological
information, and machine-learning algorithms to
predict land subsidence in the Isfahan aquifer. RF and
XGBoost both performed reasonably under random
evaluation, although their relative ranking varied by
validation method. RF performed slightly better in the
single random 70/30 hold-out split, whereas XGBoost
showed better average results across ten independent
random 70/30 repetitions, with R? = 0.7444 + 0.0319,
RMSE = 0.9759 + 0.0816 cm, and MAE = 0.6825 +
0.0432 cm.

The negative R? values obtained through spatial
validation revealed a substantial limitation in the
ability of both models to predict subsidence at spatially
independent locations. This finding highlights the
importance of spatial cross-validation when assessing
the generalisability of subsidence models. XGBoost
identified alluvial thickness, transmissivity, distance to
fault, elevation, lithology, and groundwater drawdown
as the leading predictors. The prediction maps
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indicated higher subsidence rates mainly in the central
and southern parts of the study area, where
groundwater  decline  coincides  with  thick,
compressible alluvium.
The XGBoost prediction map may support preliminary
decisions  related to  groundwater-extraction
management,  artificial-recharge  planning, and
infrastructure protection. Nevertheless, practical use
should account for incomplete INSAR coverage, the
limited and uneven distribution of piezometric wells,

and the weak spatial generalisability indicated by
spatial validation. Future studies should improve
spatial and temporal data coverage, incorporate
dynamic variables such as groundwater levels and
climatic factors, and prioritise spatially appropriate
validation methods. Further investigation of predictor
effects using interpretability tools such as SHAP
dependence plots may also help clarify nonlinear
relationships between environmental and
hydrogeological variables and subsidence.
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Table 1. Characteristics of factors affecting subsidence in this study

Effective factor Data source ‘ Spatial scale / resolution

Elevation DEM ALOS PALSAR 125m
Slope Extracted from DEM 125m
Aspect Extracted from DEM 125m
Curvature Extracted from DEM 125m
TWI Extracted from DEM 125m

Distance to Road Provincial Road map 1:100000

Distance to Stream Provincial Stream map 1:100000

Distance to Fault Provincial Fault map 1:100000
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Table 2. Lithology of the study area

Geo unit Description Age
Qft2 Low level piedment fan and vally terrace deposits Quaternary
Qal Stream channel, braided channel and flood plain deposites Quaternary
Qcf Clay flat Quaternary
Klsol Grey thick - bedded to massive orbitolina limestone Early.Cretaceous
Klc Red conglomerate and sandstone Cretaceous
TRn Sandstone, quartz arenite, shale and fossiliferous limestone (NAIBAND FOR) Mesozoic
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Table.3. Comparing the performance of models under different validation methods

Model Evaluation method R?(mean+std) RMSE(cm) MAE(cm)
Random Forest Random 5-Fold CV 0.6979 +0.0674 1.0495 £ 0.1514 0.7486 + 0.0767
XGBoost Random 5-Fold CV 0.7049 + 0.0952 1.0294 +0.1815 0.7200 + 0.1039

Random Forest

10 random repetitions

0.7153 £ 0.0282

1.0349 +0.1259

0.7250 + 0.0596

of 70/ 30
XGBoost 10 ra”g?;"orfggm'o”s 0.7444 + 0.0319 0.9759 + 0.0816 0.6825 + 0.0432
Random Forest Spatial KMeans CV -1.1281 + 2.8631 1.7627 £ 0.9325 1.3804 +0.7238
XGBoost Spatial KMeans CV -1.3282 + 3.2260 1.7983 +1.0859 1.3678 +0.7987
Random Forest Spatial Block CV -3.5120 £ 7.6668 2.0051 + 1.1960 1.6219 +1.1178
XGBoost Spatial Block CV -6.2168 + 12.8742 2.3109 + 1.5789 1.8521 + 1.5001
Random Forest Random Hold-out 0.7734 0.9372 0.6720
70/30
Random Hold-out
XGBoost 70/30 0.7564 0.9717 0.6795
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Table 4. Optimal hyperparameters of the models
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Model Parameter Optimal Value
Random Forest n_estimators 1000
Random Forest min_samples_split 2
Random Forest min_samples_leaf 1
Random Forest max_features 0.4
Random Forest max_depth None
XGBoost n_estimators 1000
XGBoost subsample 0.8
XGBoost reg_lambda 0.5
XGBoost reg_alpha 0.0
XGBoost max_depth 6
XGBoost learning_rate 0.1
XGBoost colsample_bytree 0.9
bogye Dbl o el cal S eie addlaes g didlaie
Lyl 1) wiges blas ol Sl GBI 00,5 1 (2 GasI DW Comiiig 3 € 5 Al Sl

ly e Jass o o siey 551 (Lol il a1 90y 00,

ogdle 3blie oyl o as olo olas Sl sy vy ioren
652918 sl g slme slaoly s a4 O 55 wpan cdl

sosls (g9, o IDW JLiygye 5l Jolo ol sloasis
Iy gauads jhws GG gLkl ((F JSK0) o Jow ool gow i
Ot 33 g0 S Ol Sl gl Sl 5 ety B 85 e

Sy g S e @bl jo edd gy Caniigd £y Gl



YYf

hore g soolye | Cenitis 3 85 it 5 oeile 650l slapi,sSl  Shos anylis

zlyil Sl wisg NoData olie gl,ls INSAR Jsaxe jo
Bao by Bl 392y (e onl S Sty B (Bly £
ool Cosgame 5l Lab (g)ls paiged anlyd 5l bl oyl
03ld Asgorme ay sl ol 959 519,59, (nl WSbse 53959
03ls (aal3l 1y Jo gl slesel colilb g 00,8 (6,5 sl o090l

1 Olgzel (e Canid 5 6300815 Jomilly 45 o)l 518 055
O b gl gblne o blie [0 .casl 05,5 wuais Sadba
GreS Fp S S 4 (05 5 Cdpl Cwls rals Lo

Alosls Hlis Caniig,s
srosls Sl iy al diged bl ayje5 a5 Cawl S8 4y p3Y
axllas ooga0we 5l olo jisy oS (ES]] 3 Gl 009 INSAR JEvED

Land Subsidence Prediction - Isfahan-Borkhar Aquifer
1e6 a) Random Forest - IDW

1e6 b) XGBoost - IDW

3.65

w
@
2

UTM Northing (m)

@
@
&

3.62

Predicted Subsidence (cm)

560000 570000 580000 590000

UTM Easting (m)

540000 550000

560000 570000 580000 590000

UTM Easting (m)

540000 550000

a= Random Forest, b= XGB0OSt .0} Cauiig b oo s i &, i - ¥ S0
Fig. 4. Predicted Land Subsidence rate map a= Random Forest, b= XGBoost

Sryaeby dadly loclby Copoe slp (65 el
ool Sl sbcsley; 5l cbla> 5 esasads
255 1,8 eolawls jge

o293 B dguze

b @l i [0 oS el Slacusgasme glyls asdllas oyl
SILBUCEUI

WU (g vz e Giaghy ool Gcasgame (n ke 5l S
a5 395 INSAR 51 Jol> iy b &5 ais o (NoData) ools
w2 >l nl )3 1) Sy 2 25 (Aly e gl Sl G
5 ooy9e) sl eolatwl bl sladiges slows s 1o 20,5 ol
e ol e G280 rile S0l sloas L)
EWEENCRETIRPNCI RPN NN IV RC KR
il Gl iagn )3 anl IS 30 (g6 Gble ;5 o4
S p Ly el S s L INSAR &Y same 5l oolaul
HB sboaigai slowi (]38l o ge Wilgi oo (srtodiz slaosls
9 St s Jde o Sloc 390 9 oolaul

S oS5 Az

L oleasl plysal o Caniis)d 25 G (Rei ol 5
Glojlaale pglal « So5elsijg e slaosls 5.al I ooliul
Owile (6 30k diedier slapi 65l o Sentinel-2 4 INSAR
IDW s, 5l oozl a5 ol oLis aebod cnl gl i ple]
et 5l oslil 5 ol 5l (Susslsissnee Y sl
&8, gl sladoe it 755 s9) 2 IDW) s,
CuisS Gl g g l8le s ile slallas ade gl aal S
ks sl s XGBoOSt Jow ol oo baids (28 9 5y

b sla¥ O ablite (i lel )55 -

R2 = 0.7444 + 0.032 ,RMSE(cm) = 0.976 +
0.082, MAE(cm) = 0.683 + 0.043

sl les Random Forest a cous (5 5,10k s 5, Slos
w2l Caldes Jold a5 4 Canig 50 5 Jalse on Fote
mh il g sisdend gl (oS 5l akols Jlasl ol
ol Gy B E 5 Lo, (2l Ad anblige (e ]
oty Sl SO glesay Wil o XGBoOSt a5l



Y o)Lo..,.'f: AR 0,99 s‘sw..x..e‘.c ‘SMJL.AJ )

Yo

g Wload Jus 3)ly Coll Sl saosls LB jo (So39lgss 000
00t Blod JalS j5bas anlllas )58 Jsb ;o oyl Sloj &l peris
4 Ally g ooz oy S ey Cemnig B a8 b 3l
5 oleger ealiiwl ol Gloj 5 S slaalp iSen
(il e ol e alale s wile Ly la e
2525 Sl o (ool Jolse plu 5 S Cush) (§ e S

s &) g e sloanl il g5
S ,o3l 5 ogdle bfl Sldllas ;o 090 oo slpiin «ulys o
S5k lahy, plo 3 Slee (ragh (al 5o eoliul 890
Dgd dglie SuSH by (ouyp 5 Beee 650k 5 oeile
Wlgs oo 0 SHAP s Jow (6 3y s slo ybg, 5l oolazu!
S50 g Semdig B g She Jalge 51 So 52 (oo ot Lulih o
5 b ((Sielgiienee b peite Oloe (b pd Ly, yie
B wozly S aneg o e Bk he Centis b

S Gl g S by ¢ aaSh slaosls b Slej- S5
ot Slp 1y ae) Wlg e cenle S (i liel
ol )8 dalllas 550 dblate )0 (o) Comdidgd S50 )l g 5580

Ry

References

Arabameri, A., Lee, S., Rezaie, F., Pal, S. C., Asadi Nalivan,
O., Saha, A., Chowdhuri, 1., & Moayedi, H. (2021).
Performance evaluation of GIS-based novel ensemble
approaches for land subsidence susceptibility mapping.
Frontiers in Earth Science, 9, 663678. DOI:
10.3389/feart.2021.663678

Asgari, S., Shirani, K., & Soleimani, F. (2024). Monitoring
and detection of land subsidence. In Remote Sensing of
Soil and Land Surface Processes (pp. 281-302). Elsevier.
DOI: 10.1016/B978-0-443-15341-9.00021-6

Athari, M., Azizi, H. R., Hashemi, S. S., & Honari, H. (2022).
Investigation of the relationship between land surface
changes due to subsidence and groundwater using
sentinel-1 satellite images and statistical models (case
study: Varamin plain). Journal of Water and Wastewater
Science and Engineering, 7(1), 34-43. DOI:
10.22112/jwwse.2021.261650.1232

Bokhari, R., Shu, H., Tarig, A., Al-Ansari, N., Guluzade, R.,
Chen, T., Jamil, A., & Aslam, M. (2023). RETRACTED:
Land subsidence analysis using synthetic aperture radar
data. Heliyon, 9(3). DOl:
10.1016/j.heliyon.2023.e14690

Breiman, L. (2001). Random forests. Machine learning,
45(1), 5-32. DOI:10.1023/A:1010933404324

Chen, T., & Guestrin, C. (2016, August). Xghoost: A scalable
tree boosting system. In Proceedings of the 22nd acm
sigkdd international conference on knowledge discovery
and data mining (pp- 785-794).
DOI:10.1145/2939672.2939785

S0l slaosls (39 Sgazme (ABgh (slaosguze S0
loolz 25250 (gloools 4 (Sialy g (St ) ol grbans s
Sype ablie ;o laoler (plynel (FuSly wBlioe s g
Omles Cdo Wil o Pled By eols s 5 aslllas
Gty b b o] BL)l g (e ) ol lams 2l Sl ol i
0z Lo ylegin ASd dngi 5 caal oonlple Bl IS ST

T Ol yoss Saeaily g plaie Cod g coold BB >lei y0 0554
slosls cuaS iul38l 4 san T Slalllas yo Wil so (giwe o
S S o Jae (Sasten SoblB dsee 5 539

oolaiul as ols las (¥ Jguz) Gl o liel gull cpioren
o bJae 8ly o Slee o)luilinl JBolar sonpends
stz P P8 ol 1) (e i 5l S g wax b o e
Spatial j Jol> ite R? jolie .ol 00,5 3,91 1 aslin e
ol @bt S5 (g pdipaans ;0 age Cudgaze Block CV
Spatial/Block Cross- (slaig, 605,54 5 oS o
2 byl (UeSe Byo ) Lol Jlas olsieas Validation
D9 s dmogi 059> (ol ST Slalllas

oolainl 8550 (gl yuiiio 51 ity sl Cuale 4y Sio Cugae

5 b byl (Frowsde bape Jae o

Eghrari, Z., Delavar, M. R., Zare, M., Beitollahi, A., &
Nazari, B. (2023). Land subsidence susceptibility
mapping using machine learning algorithms. ISPRS
Annals of the Photogrammetry, Remote Sensing and
Spatial Information Sciences, 10, 129-136. DOI:
10.5194/isprs-annals-X-4-W1-2022-129-2023

Yang, J., Kou, P., Dong, X., Xia, Y., Gu, Q., Tao, Y., Feng,
J., Ji, Q., Wang, W., & Avtar, R. (2025). Reservoir water
level decline accelerates ground subsidence: InSAR
monitoring and machine learning prediction of surface
deformation in the Three Gorges Reservoir area.
Frontiers in Earth Science, 12, 1503634. DOI:
10.3389/feart.2024.1503634

Foroughnia, F., Nemati, S., Maghsoudi, Y., & Perissin, D.
(2019). An iterative PS-InNSAR method for the analysis
of large spatio-temporal baseline data stacks for land
subsidence estimation. International Journal of Applied
Earth Observation and Geoinformation, 74, 248-258.
https://agris.fao.org/search/en/providers/122535/records
/65dfdd6c0f3e94b9e5dd0621

Galloway, D. L., & Burbey, T. J. (2011). Regional land
subsidence accompanying groundwater extraction.
Hydrogeology Journal, 19(8), 1459-1486.
DOI:10.1007/s10040-011-0775-5

Gambolati, G., & Teatini, P. (2015). Geomechanics of
subsurface water withdrawal and injection. Water

Resources Research, 51(6), 3922-3955.
DOI:10.1002/2014WR016841
Haghshenas Haghighi, M., & Motagh, M. (2024).

Uncovering the impacts of depleting aquifers: A remote
sensing analysis of land subsidence in Iran. Science


https://doi.org/10.3389/feart.2021.663678
https://doi.org/10.1016/B978-0-443-15341-9.00021-6
https://doi.org/10.22112/jwwse.2021.261650.1232
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1007/s10040-011-0775-5
https://doi.org/10.1002/2014WR016841

A4

e g Eolpe | canntin 3 85 it 58 oeble (650l slapyoXl 5 Shos aulia

Advances,
eadk3039.https://doi.org/10.1126/sciadv.adk3039

Chen, C., Peng, M., Motagh, M., Guo, X., Xing, M., & Quan,
Y. (2024). Mapping Susceptibility and Risk of Land
Subsidence by Integrating INSAR and Hybrid Machine
Learning Models: A Case Study in Xi'an, China. IEEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 18, 3625-3639. DOI:
10.1109/JSTARS.2024.3522995

Khalooei, F., & Elmizadeh, H. (2023). Monitoring the
Subsidence of Kazerun Plain Using SENTINEL Images
and Radar Interferometric Technique (DInSAR).
Engineering Geology, 17(2), 169-186.
DOI: 10.22034/JEG.2023.17.2.1019172 (In Persian)

Management of Exploitation of Groundwater Resources.
(2019). Hydrogeological and balance report of Isfahan-
Barkhar plain. Isfahan Municipality Parks and Green
Space Organization. (In Persian)

Mohammady, M., Pourghasemi, H. R., & Amiri, M. (2019).
Land subsidence susceptibility assessment using random
forest machine learning algorithm. Environmental Earth
Sciences, 78(16), 503. DOI: 10.1007/s12665-019-8518-
3

Morsali, M., & Fattahian, Z. (2024). Hydrogeological
analysis of land subsidence in Isfahan plain.
In Proceedings of the 5th Congress of Water and
Wastewater Engineering Science, Iran.
https://civilica.com/doc/2163380 (In Persian)

10(19),

Motagh, M., Walter, T. R., Sharifi, M. A., Fielding, E.,
Schenk, A., Anderssohn, J., & Zschau, J. (2008). Land
subsidence in Iran caused by widespread water reservoir
overexploitation. Geophysical Research Letters, 35(16).
DOI: 10.1029/2008GL 033814

Roberts, D. R., Bahn, V., Ciuti, S., Boyce, M. S., Elith, J.,
Guillera-Arroita, G., Hauenstein, S., Lahoz-Monfort, J.
J., Schroder, B., Thuiller, W., Warton, D. |., Wintle, B.
A., Hartig, F., & Dormann, C. F. (2017). Cross-validation
strategies for data with temporal, spatial, hierarchical, or
phylogenetic structure. Ecography, 40(8), 913-929. DOI:
10.1111/ec0g.02881

Salehi Moteahd, F., Hafezi Moghaddas, N., Lashkaripour,
G., & Dehghani, M. (2019). Land Subsidence and its
Consequences in Mashhad City by Integrating Radar
Interferometry and Field Measurements. Journal of
Engineering  Geology, 13(3), 435-462. DOI:
10.18869/acadpub.jeq.13.3.435 (In Persian)

Shi, L., Gong, H., Chen, B., Shao, Z., & Zhou, C. (2025).
Land subsidence simulation considering groundwater
and compressible layers based on an improved machine
learning method. Journal of Hydrology, 656, 133008.
DOI: 10.1016/j.jhydrol.2025.133008

Shirani, K., & Pasandi, M. (2025). Land subsidence risk
assessment and zoning in the watersheds of Isfahan
Province using Persistent Scatterer INSAR (PSINSAR).
Watershed Engineering and Management, 17(4), 534-
552. DOI: 10.22092/ijwmse.2025.367922.2091



http://dx.doi.org/10.22034/JEG.2023.17.2.1019172
https://doi.org/10.1007/s12665-019-8518-3
https://doi.org/10.1007/s12665-019-8518-3
https://civilica.com/doc/2163380
https://doi.org/10.1029/2008GL033814
https://doi.org/10.18869/acadpub.jeg.13.3.435
https://doi.org/10.1016/j.jhydrol.2025.133008

