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Abstract

Land subsidence poses significant risks to the infrastructure and ecosystems in coastal urban areas, making it
a critical concern for regions like Kakinada, India, a rapidly developing coastal city. To address this problem
in Kakinada, this research integrated Interferometry-based land subsidence inventory data with seven key
conditioning factors: elevation, lithology, geomorphology, land use, Normalised Difference Vegetation Index
(NDVI), drainage density, and distance to roads. Five machine learning models were employed, namely
Extreme Gradient Boosting (XG Boost), Random Forest, Gradient Boosting Machine (GBM), Logistic
Regression, and Multilayer Perceptron, for susceptibility mapping. Sixty per cent of the data was used for model
training, 20% for hyperparameter tuning, and 20% for testing model accuracy. The models’ ability to make
accurate predictions was assessed through the area under the receiver operating characteristic curve (AUC-
ROC) analysis. Results demonstrated that the GBM model achieved superior performance, with 82% accuracy
and an AUC score of 0.88, while Random Forest showed comparable effectiveness. The analysis identified 50
square kilometres at high risk for future subsidence. The findings of this study will help urban planners identify

the most vulnerable regions and implement strategies for sustainable development.
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1. Introduction

Land subsidence, a major geohazard, is posing
increasing risks to urban regions globally, leading to
economic and environmental impacts. It occurs
because of natural factors, such as tectonic activity,
soil compaction, and sediment consolidation, as well
as anthropogenic causes, including excessive
groundwater extraction, mining, urbanisation, and
heavy infrastructure loads [1]. It was estimated that
nearly 6.3 million square kilometres of land surface
have been experiencing subsidence [2]. It has been
observed in numerous cities worldwide, including
Beijing, Jakarta, London, and New Delhi [3][4] and
[51.

In countries such as India, the demand for land
has increased due to population growth and urban
expansion. This is particularly prevalent in coastal
areas, where natural ecosystems such as mudflats and
mangrove forests are converted into residential and
industrial spaces, thereby accelerating subsidence-
related issues by altering the soil structure and
increasing ground load. In coastal areas, land
subsidence further increases the flood risk and land
loss, making urban planning and hazard assessment
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even more critical [6]. A combination of conditioning
factors influences the susceptibility to subsidence in
any region, each having its own influence on
subsidence.

Geological factors, such as lithology, play a
significant role, as unconsolidated sediments like
clay and silt are more susceptible to compaction than
rock formations. Hydrological factors, such as
groundwater decline, are often cited as a major driver
of subsidence, as the loss of pore pressure leads to
sediment compaction. Elevation and slope influence
surface runoff and soil moisture retention, thereby
affecting consolidation rates. Anthropogenic factors
like land use/land cover (LULC) significantly impact
susceptibility, with urban and industrial areas
typically experiencing higher subsidence due to the
combined effects of heavy infrastructure loads. Other
factors commonly considered in susceptibility
modelling include soil properties, proximity to river
networks, and the distance from tectonic faults.
Although the latest technologies, such as GPS [7] and
Interferometric SAR methods [8] and [9], have
simplified the detection of subsidence, accurately
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modelling susceptibility remains challenging due to
the nonlinear interactions between geological,
hydrological, and human-induced variables.
Researchers have utilised statistical and probabilistic
tools to map the susceptibility of various geohazards,
including subsidence, landslides, and floods. These
include the Analytic Hierarchy Process (AHP) [10],
Multi-Criteria Decision-Making (MCDM) [11],
Evidential Belief Function (EBF) models [12],
Frequency Ratio (FR), and Fuzzy Logic (FL)
methods [13]. The major limitation of these methods
is the assumption of linear relationships between
variables that often simplifies subsidence dynamics,
particularly in heterogeneous coastal environments
where groundwater withdrawal, surface loading, and
sediment characteristics are involved. Machine
learning (ML) techniques for land subsidence
susceptibility mapping have gained significant
momentum due to their capability to analyse non-
linear relationships among the involved variables.

Multiple studies have shown the reliability of
machine-learning algorithms in predicting areas at
risk of land subsidence. A comprehensive study
employed a random forest algorithm to create a high-
resolution global land subsidence map, trained with
InSAR and GNSS-based coastal subsidence data
[14]. Land subsidence in South Korea’s Jeong-am
area was mapped and assessed by [15]. They
employed four machine-learning algorithms, and
results indicated that the BLR model performed best,
as validated by the AUROC curve and other
statistical indices. In another study, researchers
mapped subsidence susceptibility in Iran's Semnan
Plain using a Support Vector Machine (SVM) and
weight of evidence (WOE) models, using 12
conditioning factors, such as groundwater table,
topography, and land use. Their results indicated that
the SVM model (AUC = 0.748) outperformed the
WOE model (AUC = 0.726) in predicting susceptible
areas, highlighting groundwater overexploitation as a
primary driver of subsidence [16]. In contrast, [17]
focussed on Jakarta, employing Logistic Regression,
Multilayer Perceptron, AdaBoost, and LogitBoost to
map susceptibility using InSAR-derived ground
deformation data. Among these, AdaBoost produced
the most accurate susceptibility maps. In Fars
province, researchers compared Logistic Regression
(LR), RF, Boosting Regression Tree (BRT), and
SVM models, finding that RF and SVM models
achieved very high accuracy [18]. The effectiveness
of boosting algorithms is further supported by a study
in Ca Mau Province, Vietnam, showing that
AdaBoost, Gradient Boosting, and XG Boost all
achieved high accuracy, with XGBoost reaching an
AUC greater than 0.88 [19].
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Recent advances highlight hybrid and ensemble
learning  architectures. Metaheuristic-optimised
neural networks (e.g., Water Cycle Algorithm-ANN
with  AUC 0.974) significantly outperform
standalone models in Iran's Rokn Abad Plain [20].
Similarly, hybrid decision stump classifiers coupled
with Alternating Decision Trees (DSC-ADTree)
achieved 98.3% AUC in recent case studies by
resolving class imbalances in subsidence training
data [21]. These findings highlight the capability of
machine learning in subsidence prediction across
diverse geographical contexts. However, there
remains a need for comprehensive comparative
analyses to determine which algorithms perform best
under different urban conditions and with data
availability constraints. Despite global advancements
in land subsidence research, a significant knowledge
gap remains regarding susceptibility mapping in
many developing coastal cities, particularly in India.
In the case of Kakinada, a rapidly urbanizing coastal
city, some studies have already identified ongoing
land subsidence phenomena. However, studies that
integrate conditioning factors and subsidence for
predictive modelling have not been conducted. The
region’s characteristics, such as its flat topography,
unconsolidated alluvial and deltaic sediments, and
increasing anthropogenic stress, make it particularly
vulnerable to subsidence. Therefore, there is a crucial
need for machine learning based studies that can
more effectively model the complex interactions
among factors influencing land subsidence.

This research aims to develop a land subsidence
susceptibility map for Kakinada by integrating
Interferometry-derived deformation data with geo-
environmental and anthropogenic conditioning
factors. This study seeks to employ and compare five
machine learning algorithms, Logistic Regression,
Random Forest, XGBoost, Gradient Boosting, and
Multi-Layer Perceptron, in accurately modeling the
susceptibility to land subsidence. By evaluating their
performance through AUC-ROC analysis, the study
aims to identify the most suitable algorithm for this
coastal region. The resulting susceptibility map will
assist urban planners and policymakers in identifying
vulnerable areas and developing strategies for
sustainable land use and infrastructure development.
Logistic Regression was selected as a well-
established baseline model, commonly used in
geohazard studies for binary classification tasks due
to its simplicity and interpretability. Multi-Layer
Perceptron, an artificial neural network, was selected
for its ability to identify non-linear relationships such
as the relationship between subsidence and
conditional factors. Random Forest was included for
its ensemble learning method that handles high-
dimensional data effectively and is also reliable in
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capturing nonlinearity and reducing overfitting. It has
been proven in many susceptibility assessment
studies. XGBoost and Gradient Boosting were
chosen for their ability to improve predictions by
learning from the errors of ecarlier trees and their
capability to capture subtle patterns. Their ability to
generalize well across complex terrains makes them
highly suitable for spatial susceptibility mapping.

2. Study Area

The study area was Kakinada City in the state of
Andhra Pradesh, India, between 82° 8’ 52" N and 82°
16" 55" N latitude and 16° 57’ 41"-17° 4’ 16" E
longitude, spanning over an area of 160 sq. km. The
region has a maximum elevation of only 12m, with
the majority of the areas under Sm having an almost
flat topography. The region is primarily composed of
recent alluvial sediments, including silt, clay, and
fine sand deposited by the Godavari River over time.
These unconsolidated sediments are characteristic of
deltaic environments and are particularly susceptible
to compaction under natural and anthropogenic
pressures. In coastal fringes, wetlands comprising
mudflats and mangroves are present. Land use in
Kakinada is a mix of urban, industrial, agricultural,
and aquaculture zones. Approximately one-third of
the city’s area is settlements, while the peripheral
regions are dominated by paddy cultivation and
aquaculture activities. Rapid urbanization, especially
after the bifurcation of Andhra Pradesh in 2014, has
led to significant expansion of industrial areas,
particularly related to oil and natural gas due to the
city’s proximity to the Krishna-Godavari basin.
These land use changes intensify the loading on
underlying soft soils, especially those rich in clay and
silt, further making Kakinada vulnerable to ground
settlement. Recent studies have confirmed that the
region has subsided at a rate of 10 mm/yr [22] and
[23]. The region’s strategic importance as an
industrial and port city, combined with its low-lying
topography (0-5 m elevation), creates acute
infrastructure vulnerability where even a small
amount of subsidence could cause saltwater intrusion
and storm surge impacts. This highlights the need to
identify areas that may be susceptible to subsidence
in the future.

3. Data Collection and Preparation

3.1 Land Subsidence Inventory

A land subsidence database is essential for training
any machine learning model for susceptibility
prediction. Due to the lack of prior field-based
subsidence observations for the study area, the
inventory was extracted from land deformation maps
prepared using the PS-InSAR technique for the
period 2020-2024. Given its proven reliability, this
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inventory can be used as a reliable dataset for this
study. The points that exhibited displacements
greater than 10 mm/year were considered subsidence
points, and those with displacements of + 2 mm/year
were selected as non-subsidence points. Due to the
presence of a high density of PS points, random
selection was performed to choose a total of 1000
points, with 500 each of subsidence and non-
subsidence points, which were distributed well in the
region, as displayed in Figure 1.
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Figure 1: Kakinada City, Andhra Pradesh, India
and subsidence inventory points

3.2 Land Subsidence Conditioning Factors

Choosing conditional factors is crucial for
susceptibility mapping because they influence the
extent and magnitude of subsidence. These factors
include topographic, geological, hydrological, and
anthropogenic conditions. Topographic parameters
have been widely recognized as crucial influencing
factors in land subsidence susceptibility mapping.
Elevation, curvature, aspect, slope and topographic
wetness index are commonly employed. These
factors directly influence subsidence by affecting the
stability of the terrain. Hydrological and
hydrogeological factors like groundwater drawdown,
distance to stream (DtS), drainage density, hydraulic
conductivity, and specific yield are also identified as
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influencing factors in some studies. Lithology, soil
thickness, distance to fault (DtF), lineament density,
and distance to lineament have been incorporated in
some studies. Human activities also significantly
impact subsidence patterns. Land cover patterns,
distance to road (DtR), and normalised difference
vegetation index (NDVI) were also considered in
susceptibility models [24][25][26] and [27]. Overall,

81

groundwater-related parameters emerge as the most
influential factors across global studies, followed by
topographic, geological, and land-use characteristics.
However, the selection of influential factors for land
subsidence susceptibility mapping depends on
regional characteristics and the availability of data.
The maps of condition factors employed in this study
are shown in the Figure 2.

82°9F 82°12E | BISE B2IBE 82°9E 82°12E BLISE B2°18E  BZ°9E 82°J2E | BT°15E 82°18°E
i R - - -
Ja@ v Bl o Bl .
& oo 3 on g
5 SR ad ,,J'?" S5 5
| oW - *
zz z
HR&] E
o]
z= g
5k g
EE A
Aguaculture [~ - [
Bare ground Drainage Density}
Cropland (km/km2)
Mlpense builtup | == Ml 0.001-0.997 | 2
Mixed builtup L %3 | [ 0.998- 1.993 £
Plantation gk 9
Saltpan 1,994 - 2.99
- Sparse builtup| 0 15 3 2.991 - 3.986
Mlvegetation | ) B .987 - 4.983 |

Il waterbod
" 82015 8218 8250 |

8250 | 82°02E " g2015E | 82olgE 8200 | 82012 82002 T a2015E |
82996 82012 | 821SE 82°18F 82°0FE 8212 | 8°18E 82448E 820 82442'F | 82ISE
{ 8} @ s @ 3
z zZ z
] Bh 5o ]
LY 55 &4 &
= 2 u! z DZ =
&] B [R5 5
= z=z zz z
& S 23 E
| - - = A Geomorgholug_y
NDVI Distance to I Waterbodieg
roads (m) /\ Younger
0.67 zz _ zz o Coastal plainf =z
= [ | gz Mlo-33¢ 3% Older 5
£ e el I 334 -785 [GE deltaic plainf &
o R = 3] eltaic plainf &
£ ) 29
,;g) 785 - 1471 Older
Fpe - coastal plain|
0 15 3 6km )" By 1471 - 2591 i
B 5 F 4o 15 3 6 km B2591-4263- - o0 15 3 6 kim
82°9'E T Bl"&l'E T 82°15'E T EZ"&E'E 82°9'E T Bla&Z'E T 82°15'E T SZ"iB'E ﬁBZ"S'E T Bl“lZ'E T 82°15'E T @
Q 3
82°9'E | 82“‘12'5 | 82°15'F | Bl°‘18'E
z @ =
n 3
5 5
z z
5] s
= z
& 5 .
n ® Lithology
g E]

Black Clay
- {Mangrove swamp)
Black clay underlain by
I coarse sand
Black silty clay
(Active flood plain)
o Brown fine sand
= I (paleo beach ridge)
g Boen sty clay
(Palea tidal flat)
- Grey fine sand

z

=
>3

¥

T
82°0'F 82°12'F

T T
82°15°E

M (active beach ridge)

Figure 2: Conditioning factors: (a) elevation (b) land use (c) drainage density
(d) NDVI (e) distance to roads (f) geomorphology and (g)lithology
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Through careful examination of the study region's
characteristics, particularly its low elevation
difference, and considering data availability, seven
influential factors were identified. The Elevation
layer was extracted from FABDEM with a 30 m
resolution. Itis an improved version of the
Copernicus Global 30m DEM (GLO-30), where
vegetation and building artefacts are removed [28].
The region exhibits minimal topographic variation,
with most areas having elevations below 5 meters
above sea level. The Normalised Difference
Vegetation Index (NDVI) provides information
about vegetation that plays an important role in
ground stability, particularly in coastal deltas. The
NDVI was derived from Sentinel-2 imagery at a 10
m resolution for the study area. A land use map was
prepared using high-resolution data from Planet Labs
using object-based image analysis. Geomorphology
and Lithology data were taken from 1:50000 maps
provided by the Geological Survey of India.

Drainage density was prepared from the FABDEM
elevation layer, and finally, distance to roads was
extracted from the road data provided by
OpenStreetMap (OSM) in the ArcGIS environment.
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4. Methodology

The methodology of the study is illustrated in the
Figure 3. It includes the following: (i) collection and
preparation of land subsidence conditional factors
and resampling them to uniform grids for spatial
consistency. (ii) Collection and separation of the land
subsidence inventory, including splitting into
training, validation, and test data. (iii) Model
Training (iv) Hyperparameter tuning of the models
using the validation data and selection of optimal
parameters. (v) Generation of subsidence
susceptibility maps with models. (vi) Finally, all
models were tested using test set data and multiple
performance metrics like sensitivity, specificity, and
AU-ROC  score. Initially, thematic layers
corresponding to the selected land subsidence
conditioning factors were collected from various
sources. All layers were resampled to 30-meter
spatial resolution. Utilising GIS spatial analysis
tools, conditional factor values were extracted for all
points in the training dataset. The resultant dataset
included sample ID, corresponding conditioning
factor values, and a binary class label indicating
whether the sample was subsiding or not. The dataset
was then split into training (60%), validation (20%),
and testing (20%) sets.

——»
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4. Gradient Boosting
Machine

5. Multilayer Perceptron
(MLP)
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Figure 3: Subsidence susceptibility study workflow
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The training data was used to develop the models, the
validation data for tuning hyperparameters and
selecting optimal configurations, and the test set was
exclusively for final evaluation. All models were
trained using the training dataset and optimised using
grid search-based hyperparameter tuning guided by
performance on the validation set. Subsidence
susceptibility maps were created using the top-
performing configuration of each model by applying
the trained models across the entire study area. Each
grid cell was assigned a probability value between 0
and 1, indicating the likelihood of being prone to land
subsidence. These values were then classified into
susceptibility zones (e.g., low, moderate, high) based
on a quantile classification method. Finally, the
predictive performance of each model was assessed
using the independent test dataset. The model with
the highest AU-ROC score and balanced sensitivity-
specificity trade-off was selected as the most
effective for creating the final susceptibility map.

4.1 Machine Learning Algorithms

4.1.1 Logistic regression

Logistic regression is a supervised learning algorithm
commonly employed for binary classification
problems. It estimates the likelihood of an outcome
belonging to a particular class using the logistic
(sigmoid) function [29]. Equationis wused to
estimates the probability that y belongs to a particular
category given inputs X = (x;, X2, ..., Xk):

1
PO=110= s

Equation 1

Where fyis the intercept, f;is the coefficient, and X;
are input features.

4.1.2 Multi-layer perceptron (MLP)

Multilayer Perceptron (MLP) is a kind of artificial
neural network made up of fully connected neurons
that use nonlinear activation functions and are
arranged in layers. It comprises one input layer, one
or more hidden layers, and an output layer. MLPs are
trained using supervised learning via backpro-
pagation [30]. For a feedforward MLP with L layers,
the output of the /* layer can be represented by
Equation 2:

a¥ = o(Wha®!) + b?)
Equation 2

Where W? is the weight matrix for layer /, 57 is the
bias vector, a’ is the activation from the previous
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layer, and o is the activation function. The final
prediction is given by the output of the last layer a®.
MLPs are capable of modelling complex non-linear
relationships and have been effectively used to
various classification and regression problems,
including subsidence susceptibility mapping.

4.1.3 Random Forest

Random forest is an ensemble learning technique that
constructs multiple decision trees and combines their
results to improve accuracy and reduce overfitting.
This algorithm creates a set of uncorrelated trees by
introducing randomness in both the observation
selection (through bootstrapping) and feature
selection at each split [31] and [32]. For a given input,
each decision tree in the forest produces a prediction,
and the final result is determined by majority voting
in classification and averaging in regression tasks.
The algorithm can be expressed in Equation 3:

1
F) =22, i)
Equation 3

Where F(x) is the final prediction, B is the number of
trees, and f3(x) is the prediction of the b™ tree.

4.1.4 Gradient boosting machine (GBM)

Gradient boosting constructs an ensemble of decision
trees in a stage-wise manner to create a strong
predictive model. Unlike random forests, which build
trees separately, gradient boosting builds trees
sequentially, with each tree correcting the errors of
the previous ensemble [33]. The GBM algorithm is
expressed in Equation 3:

M
F(x)=)  7uh,(x)
Equation 4

Where hn(x) is the m-th weak learner and y, is its
weight. The model is built sequentially by adding
new trees that minimize a loss function L. At each
step, the algorithm fits 4,.(x) to the negative gradient
of the loss function, which is defined in Equation 5:

L L C)))
' OF, ,(x)

Equation 5

This approach allows gradient boosting to optimize
any differentiable loss function, making it highly
versatile for different types of problems.
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4.1.5 XGBoost
XGBoost is an advanced form of gradient boosting.

It extends the traditional gradient boosting
framework with regularisation and a more
sophisticated  tree-building  algorithm, which

significantly improves computational efficiency and
predictive performance [34]. The XGBoost merges a
differentiable loss function with regularisation term
as presented in Equation 6:

n A K
L= z[:l(yi’yi)+zk:| w(f)
Equation 6
Where / is the loss function, Q is the regularisation

term, and f; represents the k" tree. The regularisation
term is defined in Equation 7:

1
A =7T+54 lzalh
Equation 7

Where T is the number of leaves, w represents the
vector of leaf weights, y controls the number of
leaves, and 4 is the L2 regularization parameter on
weights. Second-order  Taylor  expansions
approximate the loss function expressed in Equation
8:

i = Zf[g,.f,(x» +hS <x,->2}+9<ff )
Equation 8

Where g; and 4; are first and second derivatives of
loss.
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5. Results

5.1 Land Subsidence Susceptibility Maps

The data consisted of 2000 PSI points derived from
the land deformation dataset, which were then
labelled as 1(subsidence) and 0 (non-subsidence).
Conditional factor values were extracted using GIS
for all points in the inventory. The data were then
divided into training, validation, and test sets, as they
are essential for evaluating the model's performance.
After fine-tuning hyperparameters to optimise model
performance, we applied these refined models to
generate land subsidence susceptibility maps. Table
1 summarises the optimal hyperparameters identified
for all five models after the tuning process. The maps
were classified into five categories of risk: very low,
low, moderate, high, and very high. The subsidence
susceptibility maps generated using all five models
are shown in Figure 4. A comparative analysis of the
generated maps revealed distinct patterns among
different models. The susceptibility maps produced
by RF, XGB, and GBM showed a high degree of
similarity, identifying the same regions as highly
susceptible to land subsidence. By contrast, the maps
generated using MLP and Logistic Regression
demonstrated a different spatial distribution of
susceptibility, with noticeable deviations from the
other models. The results of this class-wise area
distribution are presented in Table 2. These variations
suggest that tree-based ensemble models (RF, XGB,
and GBM) similarly capture subsidence-prone
regions, likely due to their ability to capture complex
feature interactions.

Table 1: Optimal parameters for algorithms selected using the validation data

Algorithm Parameters
Logistic Regression C:1
MLP alpha: 0.1; hidden layer sizes: (50, 50); learning rate: 0.001.

Random Forest

Gradient Boost Machine
XG Boost

Max_depth: 10; min samples leaf: 1; min samples split: 2; N_estimators: 200.

Learning_rate: 0.1; max_depth: 5; n_estimators: 100; subsample: 1.0.
learning_rate: 0.05; max_depth: 5; n_estimators: 200; subsample: 1.0.

Table 2: Risk susceptibility classification results (percentage area)

Algorithm Very Low Low Medium High Very High
Logistic Regression 10.23 19.68 27.72 25.75 16.59
Multilayer Perceptron 18.64 22.26 20.62 19.55 18.90
Random Forest 14.05 21.54 25.90 23.43 15.04
Gradient Boost Model 20.04 20.31 19.20 20.22 20.23
XG Boost 31.05 13.66 11.10 13.35 30.83
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Figure 4: The land subsidence susceptibility maps for Kakinada:

(a) logistic regression (b) multilayer perceptron (¢) random forest (d) xgboost, and
(e) gradient boosting machine
5.2 Model Validation y TP+TN
P . ccuracy =
The accuracy and reliability of trained models are TP+ TN + FP+ FEN

crucial for susceptibility mapping. In this study, the
model’s performance is evaluated using various
metrics, including the Area Under the Receiver
Operating  Characteristic ~ Curve  (AU-ROC),
Sensitivity, Specificity, Accuracy, and F1 score. A
higher AU-ROC value indicates a better-performing
model that can effectively differentiate positive
(subsidence) and negative (non-subsidence) cases.
The formulae for the metrics are presented in
Equations 9 to 10:

e 7P
Sensitivity = ————
TP+ FN
Equation 8
TN
Specificity = ————
pecificity TN + FP
Equation 9

Equation 10

Where TP, TN, FP, and FN are true positives, true
negatives, false positives, and false negatives,
respectively. The values calculated for the above
metrics for all five trained models are shown in Table
3. The evaluation of the five models reveals
significant differences in their ability to predict land
subsidence susceptibility in Kakinada. As a
benchmark linear model, the LR algorithm achieved
an AUC of 0.76 and 69.5% overall Accuracy. It was
outperformed by the more complex, non-linear
models across all metrics. It also had the highest
number of False Negatives (FN = 26), indicating a
lower ability to identify actual subsidence cases when
compared to other models.
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Table 3: Evaluation metrics of models on the test dataset
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Model Accuracy Precision Sensitivity F1-score Specificity AUC
Logistic Regression 0.695 0.650 0.714 0.680 0.678 0.76
MLP 0.715 0.642 0.846 0.729 0.605 0.79
Random Forest 0.815 0.776 0.835 0.804 0.798 0.88
XG Boost 0.790 0.747 0.813 0.779 0.770 0.88
GBM 0.820 0.784 0.835 0.809 0.807 0.88
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Figure 5: ROC curves and AUC metrics for test dataset

The MLP, a type of artificial neural network, showed
improved performance over Logistic Regression with
an AUC of 0.79. It achieved the highest Sensitivity
(0.846) of all models, meaning it was very effective
at identifying actual subsidence pixels (low FN=14).
However, it also had the lowest Specificity (0.605)
and the highest number of False Positives (FP=43),
suggesting that the model was over-predicting
subsidence risk in stable areas. Random Forest
achieved an accuracy of 81.5%. With 76 true
positives and 87 true negatives, this model showed a
good balance between sensitivity (0.835) and
specificity (0.798). The strong performance of
Random Forest aligns with previous studies that have
found this algorithm effective for land subsidence
mapping due to its capacity to identify non-linear
relationships between multiple variables [18]. XG
Boost showed an accuracy of 79.0% and an AUC of

0.88. While slightly lower in accuracy than Random
Forest, it maintained a good balance between
sensitivity (0.813) and specificity (0.770). This
performance is consistent with findings from other
studies that highlight XGBoost's effectiveness in
predicting complex geospatial phenomena[35]. The
GBM model emerged as the top-performing
algorithm in this study. It achieved the highest
Accuracy (82.0%), the highest F1-score (0.809), and
the highest Specificity (0.807). It scored the highest
AUC value of 0.88 with RF and XGBoost. The
combination of high sensitivity and the highest
specificity indicates that the GBM was not only
excellent at identifying true subsidence zones but was
also the best at correctly classifying stable zones, thus
minimising false alarms. The AUROC scores for all
five models are presented in the Figure 5.

International Journal of Geoinformatics, Vol. 21, No. 8, August, 2025
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



87

82°12'E

82°15'E

16°57'N
16°54'N 16°57'N 17°N 17°3'N

16°51'N

=
-
n
o

-]
-

2°0'E 82°15'E

Figure 6: High susceptibility zones predicted by the GBM model

6. Discussion

The susceptibility maps revealed distinct spatial
patterns of subsidence risk across Kakinada. Three
areas emerged as particularly vulnerable: the densely
populated urban core of Kakinada city, and two
peripheral regions characterized by intensive
aquaculture practices and salt pan operations were
classified as high-risk zones. These findings aligned
with a study by [19] where high susceptibility was
concentrated in urban and aquaculture areas in a
similar deltaic setting, suggesting that intensive loads
and groundwater extraction activities increase
vulnerability to subsidence. Figure 6 displays this
susceptibility map, overlaid on Google Earth
imagery, highlighting regions where the model
predicts a higher risk. The city centre of Kakinada
emerged as a primary high-risk zone in all models,
particularly in the GBM and Random Forest
predictions. This area is characterized by dense urban
development, significant groundwater extraction,
and coastal plain  geomorphology  with
unconsolidated sediments. The concentration of
buildings and infrastructure creates loading pressure
on these wunderlying sediments, potentially
accelerating compaction processes. This finding
aligns with the PS-InSAR data, which showed
significant displacement in this region. The port area,
which falls within the high-risk zone, presents a

particularly interesting case. Many structures in this
area were constructed on the land reclaimed from
mangrove ecosystems. The combination of
unconsolidated reclaimed soil, removal of natural
buffers (mangroves), and heavy infrastructure makes
this area vulnerable.

The other two high-risk regions, Achuthapuram
to the west and Gurajanapalli to the south, are
dominated by aquaculture and salt production
activities. The continuous extraction of groundwater
to maintain brackish water conditions in aquaculture
ponds appears to be a significant driver of subsidence
in these areas. This pattern was consistently
identified across all tree-based models, indicating a
robust relationship between aquaculture practices
and subsidence susceptibility. Around 45 sq. km. was
classified as having low susceptibility by both GBM
and Random Forest models. These regions are
primarily covered by agriculture, natural vegetation,
and low-density built-up areas north of the city. The
low susceptibility classification of these areas aligns
with their stable signature in the PS-InSAR data. The
better performance of ensemble models in the present
study also aligned with [17], where AdaBoost (an
ensemble method) outperformed Logistic Regression
and MLP models. By using a displacement threshold
of 10 mm/year to identify subsidence points, a
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quantitative and consistent definition of subsidence
was established over the study area. This
classification is valuable in a region like Kakinada,
where systematic field-based subsidence monitoring
has been limited. Past studies have confirmed that the
region has subsided at a pace of approximately 10
mm/yr, validating our threshold selection.

The results demonstrate that machine-learning
susceptibility mapping can reliably predict
vulnerable zones in coastal delta cities, such as
Kakinada. To our knowledge, this is the first study to
apply machine-learning susceptibility modelling for
land subsidence in India. Many delta cities and
coastal areas in India are at risk due to rapid
urbanisation, excessive groundwater use, and climate
change. Tools like this can help planners and
decision-makers take action to protect these
vulnerable areas.

7. Conclusion

This study successfully developed a land subsidence
susceptibility map for Kakinada by integrating PS-
InSAR data with multiple conditioning factors
(NDVI, geomorphology, lithology, LULC, distance
to roads, and drainage density) through machine
learning models. The analysis revealed varying
degrees of subsidence susceptibility across the study
area, with notable patterns correlating to specific
geological and anthropogenic features. Tree-based
ensemble models, particularly GBM and Random
Forest, performed well over other algorithms,
achieving high accuracy and AUC scores. GBM
emerged as the best model with of 82% accuracy and
an AUC score of 0.88, closely followed by Random
Forest. The study identified approximately 50 sq.km.
area as high risk, primarily in the urban core and two
peripheral regions characterised by intensive
aquaculture and salt pans. These findings can be
integrated into comprehensive land use planning and
environmental impact assessments for sustainable
urban development and hazard mitigation in the
Kakinada region. While acknowledging its valuable
contributions, the study also indicates that future
research could be improved by incorporating
additional conditioning factors, such as groundwater
levels and soil properties.
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