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Abstract Natural disasters such as earthquakes
endanger human lives and infrastructure, particularly
in urban areas. With the advancements in science and
technology in understanding natural hazards, recent
studies have attempted to mitigate them by mapping
the risks using geospatial technology. In this paper,
we attempt to integrate the multi-criteria decision-
making (MCDM) models, namely the Analytical
Hierarchy Process (AHP) and the Criteria Importance
Through Inter-criteria Correlation (CRITIC), besides
using the artificial neural network (ANN) to assess
the seismic risk in the eastern coast of India. The
AHP-CRITIC technique is used to evaluate the earth-
quake coping capacity and vulnerability and has been
further used to generate a training base for earthquake
probability mapping by ANN. The earthquake prob-
ability and spatial intensity information are used to
develop the hazard map. Following that, integrat-
ing vulnerability, hazard and coping capacity spatial
information assessed earthquake risk. Our results
indicate that approximately 5% of the study area is at
high risk, whilst more than 11% of the population is
at high risk due to seismic induced hazards. The area
under the curve of the receiver operating character-
istic curve is 0.85, which indicates reliable results.
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The results of this study may help various agencies
involved in planning, development and disaster miti-
gation to develop seismic hazard mitigation methods
by better understanding their impacts on the eastern
coastal region of India.
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Introduction

Earthquakes and their secondary effects are amongst
the most destructive natural hazards, with adverse
long-term impacts on societies (Singh et al., 2012).
According to the Centre for Research on the Epidemi-
ology of Disasters (CRED, 2015), after flooding and
landslides, earthquakes were the third most common
natural disaster from 1994 to 2013, causing $787 bil-
lion in damage. It is also noted that earthquakes and
related disasters have been the deadliest natural haz-
ards over the last two decades, accounting for 55%
of all fatalities (Alexander, 2018). According to the
researchers, the exact time, magnitude and location
of occurrence of earthquakes are still unpredictable
(Malakar et al., 2023; Rai et al., 2023). Hence, it is
essential to have efficient strategies to detect potential
earthquake risk zones through geospatial techniques.
Geomorphologically and tectonically, the Indian
east coast is segmented into the Cauvery, Palar,
Krishna-Godavari, Mahanadi and Bengal Basins.

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10661-024-12615-0&domain=pdf

471 Page 2 of 21

Environ Monit Assess (2024) 196:471

This segmentation indicates the East Coast subcrus-
tal deformation (Radhakrishna, 1989). Though the
east coast was deemed a relatively stable continental
margin, active faults are now documented along the
coast and offshore. In the Indian peninsula, instru-
ment-recorded global seismic events noted few earth-
quake events. Banerjee et al. (2001) concluded that
the Indian peninsular shield was practically aseismic
until the 1960s, making it essential to map the areas
affected by slope failure, active faults and changes in
seabed morpho-bathymetric patterns. Seismicity evi-
dence along the coast and adjoining offshore must
be investigated. The moderate-magnitude intraplate
earthquake in Tamil Nadu (Mw 5.5, 2001) has created
enough interests in understanding the rejuvenation of
seismic activity along some of the zones of weakness.
Neotectonic earthquakes may also cause damage to
infrastructure (Rai & Nayak, 2021). Hence, a compre-
hensive earthquake study is required, and researchers
should focus on using recent computing techniques
like machine learning.

Over the years, several researchers have attempted
to study earthquake-associated hazards using machine
learning techniques. Alizadeh et al. (2018) tried to
incorporate the analytical network process (ANP)
and artificial neural network (ANN) to assess the
earthquake vulnerability of Tabriz City, Iran. Jena
et al. (2019) integrated the information of the analyti-
cal hierarchy process (AHP) with the ANN to assess
the seismic risk for Banda Aceh, Indonesia, whereas
Jena and Pradhan (2020) used ANN-cross valida-
tion for the probability mapping and AHP-Technique
for Order of Preference by Similarity to Ideal Solu-
tion (TOPSIS) to map the vulnerability. This model
to enhanced the accuracy of earthquake risk mapping
in Banda Aceh, Indonesia. Yariyan et al. (2020) used
a fuzzy AHP-ANN model to assess seismic risk spa-
tially in Sanandaj, Iran; however, Yariyan et al. (2021)
estimated seismic vulnerability in Sanandaj using dif-
ferent hybrid ANN models, and later they compared
the developed results. Malakar et al. (2022) integrated
AHP and Entropy with ANN to map the earthquake
risk in the Himalayas. Moreover, machine-learning
techniques for landslide and flood susceptibility
mapping, potential groundwater mapping and other
environmental applications have been successfully
implemented.

In India, integration of ANN and geospatial tech-
niques has been used in a few studies; however, the
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available literature search show limited studies that
have evaluated the seismic risk on the east coast of
India, taking into account vulnerability and coping
capacity. Jena et al. (2020) used the recurrent neural
network to assess earthquake probability in the Odi-
sha region, India, whilst for estimating the seismic
vulnerability, Jena et al. (2021a) combined AHP with
a probabilistic neural network. These studies reported
moderate to very low earthquake probability in the
coastal part of Odisha. Malakar and Rai (2023) used
integrated multi-criteria decision-making (MCDM)
models to predict seismic vulnerability in West Ben-
gal and found that the Sundarban region on the east
coast of India falls under a very low to moderate seis-
mic vulnerability zone. Mukhopadhyay et al. (2016)
and Karuppusamy et al. (2021) developed a multi-
hazard-risk map in the Balasore coast, Odisha and
coastal plains of Tamil Nadu, including coastal ero-
sion, tropical cyclones, storm surges, coastal flood-
ing, sea level rise, tsunamis and earthquakes using
multi-criteria analysis. The results demonstrate that
the eastern coastal region has not suffered any major
earthquake in the past; however, peak ground accel-
eration and earthquake data show that the Balasore
coast and the northern Coromandel Coast in Tamil-
nadu are susceptible to moderate destructive threats
(Zone III). Hence, we attempted to conduct a compre-
hensive earthquake risk study for the east coast plain
of India for the first time to help develop mitigation
strategies. Usually, researchers who have done risk
assessments using ANN usually restrict themselves to
a small area. The primary reason is the lack of avail-
ability of datasets. Accumulating large-scale datasets
is quite challenging, and some countries are banned
from the availability of datasets. So, the researchers
are focused on small areas rather than large-scale
scenarios. It is also found from the literature review
that the researchers who have integrated the MCDM
model and ANN to estimate the seismic hazard have
used a single MCDM model, primarily AHP, except
Jena and Pradhan (2020) and Malakar et al. (2022).
The AHP weights are obtained from previously
available literature and expert knowledge. Experts
typically ignore data information when calculating
weights with AHP, leading to uncertainty (Bhattacha-
rya et al., 2010); however, integrated MCDM models
might deal with this problem (Malakar & Rai, 2022a,
2022b). All these limitations lead to the objectives of
our study.
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The main objectives of our study are: a) to propose
a novel methodology for estimating the earthquake
risk for the eastern coastal plain of India through inte-
grated subjective AHP and objective CRITIC multi-
criteria decision-making models with ANN and spa-
tial information; b) to obtain freely available datasets
that have a direct and indirect influence on earthquake
risk estimation; and c) to examine the sensitivity and
performance of the model and validate the developed
result with high impact published literature. In the
following sections we present the methodology and
data sources in detail.

Study area

Indian landmass includes nearly~7500 km long
coastline with dynamic and varied coastland land-
forms, including sediment, rock and coral-based land-
forms (Mukhopadhyay & Karisiddaiah, 2014). This
diverse and dynamic coastland has resulted from var-
ied tectonic activity affecting lithology, besides mon-
soonal climate and sea-level fluctuations.

The east coast of India stretches from north to
south across the Indian states of West Bengal, Orissa,
Andhra Pradesh and Tamil Nadu, having an area of
about 387,844 sq. km with an inhabitant of more
than 200 million (Fig. 1). The Ganga—Brahmapu-
tra, Mahanadi, Krishna, Kaveri and Godavari are the
major rivers which drain the eastern coastline area,
forming major offshore sedimentary basins with sedi-
ment thicknesses of up to 5 km (Murthy et al., 2012).
The east continental margin existed between 140 and
120 million years ago when India separated from
East Antarctica and drifted at the ‘bight’ where the
Krishna-Godavari Basin is presently located (Mukho-
padhyay & Karisiddaiah, 2014). Murthy et al. (2012)
concluded that India possibly broke apart from East
Antarctica in two stages, resulting in the NE-SW ori-
ented Krishna-Godavari rift and N-S oriented Kaveri
shear segments.

Since the last century, this region has witnessed
moderate seismicity, indicating the Precambrian
faults’ reactivation or tectonic activity (Murthy
et al.,2006). The seismological section identified a
series of faults cutting through Jurassic sediments
from Paradip to the west of the Ganga Delta (GSI,
2005). Precambrian basement has been picked up
from the coastline to 75 km seaward in Mahanadi

offshore, 3 km beneath the coast and 8.5 km offshore,
and faulted in various areas (GSI, 2002). The Geolog-
ical Survey of India (GSI) conducted shallow seismic
surveys and observed fault signatures along the east
coast’s offshore domains. Murthy et al. (2006) used
the magnetic data and concluded that the two signifi-
cant E-W faults spanning from land to offshore north
of Pondicherry and Vedaranyam control the Cau-
very Basin. The coast near Baruva experienced lat-
eral shifting along the E-W trending fault (Vaz et al.,
1998). Neotectonic subsidence may explain the trans-
gressed western shoreline of the Vasishta Godavari
River mouth.

Some of the prominent faults are the Gund-
lakamma Fault, Eocene Hinge Zone, Amaradakki
Fault, Amirdi Fault, Attur Fault, Bhavani-Kanumudi
Fault, Bhavanasi River Fault, Cauveri Fault, Javadi
Hills Fault, Karkambadi-Swarnamukhi Fault, Kolleru
Lake Fault, Pambar River Fault, Palar River Fault,
Rajamatam-Point Calimere Fault, Tirukkavilur-Pond-
cherry Fault, Tirumala Fault, Vaigai River Fault and
Vasishta—Godavari Fault. Although the frequency of
earthquakes is low on the East Coast, their impact on
society is high. The occurrence of moderate shallow-
depth intraplate earthquakes has created concern in
the scientific communities, leading to an understand-
ing of the transformation of seismic activity along the
East Coast (Rai et al., 2015).

Data and methodology
Data

We used open-source spatial and non-spatial data
to assess the earthquake risk of the east coast region
(Fig. 2). The earthquake inventory starting from the
year 1900 to 2022 was accumulated from the National
Centre of Seismology, Government of India (https:/
seismo.gov.in/). The geological features like faults
and lithology were downloaded from the Bhukosh
GSI (https://bhukosh.gsi.gov.in/) and the Universi-
tat Hamburg (Gleeson et al., 2011), respectively. The
Peak Ground Acceleration (PGA) was calculated by
applying the global relations developed by Caprio et al.
(2015). The spatial sediment thickness dataset has been
acquired from the Food and Agricultural Organization,
United Nations (Fischer et al., 2008), whereas the time-
averaged shear-wave velocity to 30 m depth (Vss)
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Fig. 1 Location of the study area. Also, referenced are earthquakes, lithology, and significant faults

parameters were collected from the United States Geo-
logical Survey (Worden et al., 2015). The shuttle radar
topography mission (NASA Shuttle Radar Topography
Mission, SRTM, 2013) elevation data has been utilised
to map the earthquake risk. The dataset of the different
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infrastructures, administrative boundaries, land use and
land cover was acquired from various open sources,
including OpenStreetMap  (https://www.openstreet
map.org/) and DIVA-GIS (https://www.diva-gis.org/).
We have applied buffering of one degree of latitude
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(nearly 110 km) to generate the western boundary. To
convert non-spatial (or point data) datasets to spatial
ones, we have applied inverse distance weighting to
estimate spatial peak ground acceleration in the study
region. Euclidian distance has been used to calculate
the distance from faults, epicentres, transportation
terminals, stadiums, historical places, museums, gas
stations, hospitals, road and rail networks, service cen-
tres and police stations. Subsequently, Kernel density
algorithms have been utilised to estimate the density of
faults, population, buildings, educational institutions,
popular and visiting places, religious places, dams and
parks. The LULC and lithology have been directly con-
verted into raster format using a data conversion tool.
The impact of the chosen parameters on the earthquake
risk assessment is explained in detail by Malakar et al.
(2022). The resolution of the spatial layers is 30 m
(rows, columns=56,239, 45,539), and the datasets
were last accessed on January 25th 2023. In the next
section, we have discussed the proposed methodology
in detail.

Integration of AHP-CRITIC
In 1980, Saaty developed the subjective multi-criteria
decision-making (MCDM) model and named it the
Analytic Hierarchy Process (AHP). This technique can
help handle complex problems by employing a series
of pairwise comparison matrices and further evaluat-
ing the priority of the criteria by a hierarchical struc-
ture. The developed matrices incorporate the experts’
opinions and the available literature. Constructing the
pairwise comparison matrix with the scores given to
the criterion is the first step in this method. Based on
the opinion and published literature, the user can be
assigned a criteria score from 1 to 9 (Saaty, 1980).
Then the developed matrix is normalised, and the pri-
ority of the criteria is evaluated. The consistency of
the generated result can be checked using the consist-
ency index (CI) and consistency ratio (CR) and calcu-
lated using the folowing equation:
Cr= oM g cr = &

n—1 RI
where A, is the principal eigenvalue, and n repre-
sents the number of used criteria. Saaty (1980) esti-
mated the randomness indicator (RI). In the case of
the CR <0.1, then an acceptable consistency level for
evaluating the priority of the criteria (w;) is achieved.
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Diakoulaki et al. (1995) developed the objective
CRiteria Importance Through Inter-criteria Cor-
relation (CRITIC) method. CRITIC measures con-
trast and conflict as a decision-making problem
(Diakoulaki et al., 1995). The steps followed in the
CRITIC calculation are mentioned below (Madic &
Radovanovié, 2015).

Firstly, the developed matrix has been normalised
using the following equation: -

Xji— min(xij)

Xt = Yy
ij

max (xl-j) — min(x;)

where xj.‘j represents the normalised value of i alter-
native on j™ criterion.

The criterion’s standard deviation and its correla-
tion with other criteria are required to estimate the
criteria weights. The weight of the j criterion (w)) is
evaluated as:

C.

J
W

iT N o~
2 G

where C; indicates the quantity of information con-
tained in the j criterion, and formulated as:

G =9 Z;r:l (1=ry)

where o; represents the standard deviation of the jh
criterion and ry;, indicates the correlation coefficient.
Diakoulaki et al. (1995) concluded that the given cri-
terion provides a more significant amount of informa-
tion with a higher value of C;.

The final weight of the criteria is obtained by integrat-
ing the weight obtained from the AHP and CRITIC. The
AHP weights are derived from field experts’ opinions and
published literature (Saaty, 1980); in contrast, the CRITIC
is entirely based on the relationships (Diakoulaki et al.,
1995). It might happen that the experts, whilst calculat-
ing the AHP weight, usually ignore the data information,
leading to uncertainty (Rodcha et al., 2019), whereas the
weights estimated by the CRITIC are sometimes differ-
ent from reality (Krishnan et al., 2021). To solve this dis-
crepancy, Chuansheng et al. (2012) computed a formula
to estimate the overall weight (w) that considers the sub-
jective and objective weights. In this study, the subjec-
tive weights are estimated using AHP, and the objective
weights have been evaluated using CRITIC. The formula
for the overall weight can be written as follows:
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w=aw,;+ (1 —a)wj

where 0 < a < 1; for the actual condition, the value
a set to 0.6 (Chuansheng et al., 2012). After the cal-
culation of the final weights of each parameter, we
applied the weighted sum tool in the GIS platform
to develop the final output. This integrated method
has been used to estimate earthquake vulnerability
and coping capacity (Tables 1, 2). Furthermore, this
methodology has been implemented to develop the
training base map to evaluate the earthquake prob-
ability through an artificial neural network (ANN)
discussed in the subsequent sections.

Artificial neural network (ANN)

ANN is a computing model that can conclude linear or
non-linear relations between variables in input and out-
put datasets (Hagan et al., 1996). The ANN outcom-
petes the statistical methods in accuracy (Zhang et al.,
1998). As a result, high accuracy can be obtained when
using ANN for the earthquake probability assessment
(Malakar et al., 2022; Yariyan et al., 2020). However,
optimal training and network architecture are still
unknown (Sozen, 2009). Trial and error are popular
approaches researchers apply, outperforming other
methods accuracy-wise (Lynch et al., 2001).

The most common ANN is the multilayer percep-
tron (MLP) network. MLP neural networks are sim-
ple, flexible and well-described by many researchers
(Alizadeh et al., 2018; Yariyan et al., 2020). ANN
neurons weighted to other layers process information
independently (Ajith, 2005). In an MLP network, the
backpropagation algorithm is applied to reduce the
error (Salarian et al., 2014). Hence, we used the back-
propagation algorithm to train the MLP. Training data
is used by the learning algorithm to link input and
output layers. The test dataset validates the trained
network. So, we must select and prepare the training
site parameter properly, influencing the result’s accu-
racy (Malakar et al., 2022).

Implementation of AHP-CRITIC with ANN

Nine spatial datasets mapped East Coast earthquake prob-
ability. To prepare a proper training database for the ANN
model, we used the AHP-CRITIC integrated method. First,
for the base map created in the GIS platform, seventy per

cent of the highest weighted parameters resulting from
the AHP-CRITIC were utilised. Subsequently, 2000
points were selected, characterised as earthquake and non-
earthquake points from the base map to the final training
site map. We obtained and classified the entire earthquake
catalogue from 1900 to 2022 as earthquake points from the
National Institute for Seismology, Government of India.
These points were utilised in feedforward MLP training to
assess network accuracy. The final output is standardised
and categorised into five classes. Backpropagation reduced
error and assessed model root mean square error (RMSE).
Subsequently, the resulting map was transferred to the
GIS platform for earthquake hazard assessment. Tables 3,
4 and 5 show data, network structure, training parameters,
the confusion matrix and the Kappa Index of Agreement
between classified and predicted maps for each class for the
ANN methodology. The details of the calculation of user
and producer accuracy and the Kappa index of the agree-
ment have been given by Ngoy et al. (2021).

Hazard and risk

The hazard map for the east coast was created using
earthquake probability and intensity variation spatial
information (Jena et al., 2021b; Malakar et al., 2022).
The intensity variation was estimated using the inten-
sity value based on the magnitude of the events and
then interpolating them. Following that, the intersec-
tion theory was applied, and the hazard zones were
classified based on the quantile classification tech-
nique (Jena et al., 2021b). Finally, spatial information
on the vulnerability, earthquake hazards and coping
capacity is used to estimate the earthquake risk for
the eastern coast of India. The mathematical formula-
tion of the risk is the following:

Vulnerability X Hazard

Risk = ; -
Coping capacity

Results and discussions

Vulnerability

The parameters used to estimate the vulnerability and
the decision matrix with weights calculated using

the AHP-CRITIC have been tabulated in Table 1.
The population density achieved the higher weight,
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Table 1 Priority estimation 1 2 3 4 5 6 7 38 9 10 11 12 13
of the parameters for
vulnerability 1 1 2 2 3 3 3 4 5 5 7 7 8 9
2 12 1 2 2 3 3 4 4 5 5 7 7 8
3 12 12 1 2 2 3 3 4 4 5 5 6 7
4 1/3 12 12 1 2 2 3 3 4 4 5 6 7
5 13 173 12 12 1 2 2 3 3 4 4 5 6
6 1/3 13 13 122 172 1 2 2 3 3 4 5 6
7 14 14 13 173 12 12 1 2 2 3 3 4 5
8 1/5 174 1/4 173 1/3 172 172 1 2 2 3 4 5
9 1/5 1/5 1/4 1/4 1/3 1/3 172 12 1 2 2 3 3
10 177 1/5 /5 1/4 1/4 1/3 1/3 12 122 1 2 2 3
1 /7 7 15 U5 1/4 1/4 13 1/3 12 12 1 2 3
12 1/8 177 1/6 1/6 1/5 1/5 1/4 1/4 1/3 172 12 1 2
13 19 1/8 1/7 U7 1/6 1/6 1/5 1/5 13 1/3 1/3 12 1
CR=3.2%
Amax = 13.590
Sl Laver AHP | CRITIC | Final
No. ayers Weight | Weight | Weight
Population N o N
1 Density (per km?) 20.90% | 07.50% | 15.54%
o | Building Density |7 00,1 11 1004 | 1470%
(per km”)
3 LULC 13.60% | 10.80% | 12.54%
Education
4 Institution (per 11.00% | 07.80% | 09.72%
degree?)
Transportation
5 . 08.70% | 07.90% | 08.38%
Terminal (km)
Visiting and
6 Popular Places 07.20% | 09.40% | 08.08%
(per degree?)
7 Stadium (km) 05.50% | 06.80% | 06.02%
8 H‘Smr(‘slll)maces 04.50% | 05.90% | 05.06%
9 Museum (km) 03.40% | 07.40% | 05.00%
jo | Religious Places 1) 250, 1 5 500 | 03829
(per degree”)
11 Ddams (per 02.20% | 06.20% | 03.80%
egree”)
12 Parkdlz;::% ®er | 01.70% | 06.80% | 03.74%
13 Gas Station (km) | 01.30% | 07.10% | 03.62%
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Table 2 Priority estimati
ofa th:.para:rll(;i::r); i(s)rng:)ap;gg 1 2 3 4 5
capacity 1 1 2 3 4 5
2 172 1 2 3 4
3 1/3 172 1 2 3
4 1/4 1/3 1/2 1 2
5 1/5 1/4 1/3 1/2 1
CR =1.5%
Amax = 5.068
Sl Lavers AHP CRITIC | Final
No. y Weight | Weight | Weight
p | Hospital 1y 9500 | 23.00% | 34.70%
(km)
Road
2 Network | 26.30% 20.10% | 23.82%
(km)
Rail
3 Network 16.00% 12.60% | 14.64%
(km)
Service
4 Centre 09.70% 18.00% | 13.02%
(km)
Police
5 Station 06.20% 25.40% | 13.88%
(km)

followed by the building density, whereas the gas
station is the lowest priority, which is a secondary
parameter. The major coastal cities were marked on
the figure for reference (Fig. 3). Chennai, the capital
city of Tamil Nadu, comes under the high vulnerable
zone primarily due to high population counts. Haldia,
Amravati and Kanyakumari fall under the moderately
vulnerable area. Bhubaneswar and Puri, the major
coastal cities of Odisha, Visakhapatnam of Andhra
Pradesh and Pondicherry, come under the low vulner-
able zone. Balasore and Thoothukudi reside under a
very low vulnerability region.

The high population density in metropolitan cit-
ies, high building density, unmanaged land usage,

shortage of resources and non-homogeneous dis-
persion of transportation terminals and educational
institutions could all contribute to high vulnerability
(Malakar et al., 2022). For instance, Chennai comes
under the high vulnerable zone primarily due to high
population counts. From 2001 to 2011, the popula-
tion of Chennai had decadal growth of 6.8%, with a
population density of 26,553 (Census, 2011) and is
considered the fourth-most densely populated Indian
city. This city converted most agricultural lands
into industrial and residential infrastructures due to
rapid urbanisation. It is also estimated that India has
the highest total coastal population exposure in the
baseline year, which is expected to remain largely
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Table 3 Parameters and stopping criteria for implementing
the MLP model

Group Parameter Value
Input specifications Training points 2000
Hidden layers 1
Network architecture ~ Nodes 7
Input layers node 9
Output layers node 5
Activation function Sigmoid
Training parameters Automatic training Yes
Shuffle Yes
Learning rate initialisation ~ 0.001
Momentum factor 0.5
Early stopping Yes
Stopping criteria RMSE 0.2617
Iterations 10,000

unchanged, making the region more vulnerable.
Compared to rural areas, metropolitan cities are more
densely populated. Rural people usually migrate to
these cities for better livelihood or due to harsh cli-
matic conditions in higher elevations. They typically
construct traditional non-engineered shelters due to a
lack of resources, making this region more vulnerable
(Asadi et al., 2019). Low-to-very vulnerability zones
have good socioeconomic conditions and are usually
not close to high-magnitude earthquake locations
(Jena et al., 2021Db).

About 25.30% of the east coast region area has
been considered very low vulnerable, 43.86% has
a low vulnerability, 21.74% has a moderate vulner-
ability, and 7.13% has a high vulnerability, with
the remainder having a very high vulnerability.

Table 4 Confusion matrix of the MLP model

In comparison, approximately 12.29% population
resides in a very low earthquake-vulnerable zone,
32.81% is low, 25.72% is moderate and 29.18% is in
high to very high earthquake vulnerability (Table 6).
Thus, a significant part of the East Coast population
are vulnerable to hazards. Therefore, the hazard miti-
gation organisations should prioritise the highly vul-
nerable regions.

Earthquake hazard and risk

By integrating AHP-CRITIC and ANN, the earth-
quake probability is estimated (Fig. 4), and this
information with intensity variation has been used
to assess the earthquake hazard. The parameters
included in calculating the earthquake probability
map were historical seismicity, geological features,
Vs;p, PGA and elevation. The hazard map indicates
that Haldia falls under high hazardous regions. Bhu-
baneswar and Amravati lie under the moderate haz-
ardous zone, whereas Pondicherry, Visakhapatnam

Table 5 Kappa Index of Agreement between classified and
predicted map for each class

Classified Predicted
Classes Kappa Index of ~ Kappa Index of
Agreement (%) Agreement
(%)
Very 96.84 96.06
Low 71.28 79.16
Low 56.77 44.10
Moderate 80.26 71.60
High 97.44 98.38

Overall Kappa Index of Agreement=_80.67%

Predicted

Classes Very Low Low Moderate High Very High Total User Accuracy
Classified Very low 109,723,464 2,432,678 0 0 0 112,156,142 97.83%

Low 3,053,317 752,288,523 181,589,102 252,168 0 937,183,110 80.27%

Moderate 0 122,994,887 291,844,842 293,961 9703 415,143,393 70.30%

High 0 278,663 360,745 75,308,914 11,175,110 87,123,432 86.44%

Very high 0 0 12,336 17,713,160 991,735,748 1,009,461,744  98.24%

Total 112,776,781 877,994,751 473,807,525 93,568,203  1,002,920,561 2,561,067,821

Producer 97.29% 85.68% 61.60% 80.49% 98.88% Overall accu-

accuracy racy =86.72%

@ Springer
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Fig. 3 Vulnerability map for the eastern coastal plain of India. Red zones are highly vulnerable, while green zones are relatively low

vulnerable

and Puri were included in the low hazard region
(Fig. 5). Balasore, Kakinada and the southernmost
point of India, Kanyakumari, fall in the very low
earthquake zone.

The active faults, folds, dynamic lithology and
geological features and several moderate earthquake
events contribute to the probability of the east coast
region. Haldia region is surrounded by the Eocene
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Table 6 Vulnerability, hazard and risk to earthquake based on
population and areas

Classes Area %  Population %
Vulnerability Very low 25.30 12.29
Low 43.86 32.81
Moderate 21.74 25.72
High 07.13 12.06
Very high  01.98 17.12
Earthquake hazard ~ Very low 28.54 27.58
Low 14.97 12.67
Moderate 23.65 19.60
High 27.38 33.59
Very high  05.46 06.57
Earthquake risk Very low 29.89 27.48
Low 36.25 32.09
Moderate 29.40 29.19
High 04.21 11.23

Very high 0025 00.01

Hinge Zone, the Pingla Fault and the Garhmoyna-
Khandaghosh Fault. The Eocene Hinge Zone is a
prominent NE-SW trending tectonic feature in the
Bengal basin. In the last 350 years, near and far
source earthquakes have caused damage in Haldia,
with thirty strong earthquakes reported in the Ben-
gal basin. The majority of earthquakes that surround
Haldia are from distant locations, whilst two notable
near-source earthquakes greatly impacted Haldia on
September 29th 1906 and April 15th 1964 (Mohanty
& Wallings, 2008). The 1964 earthquake occurred
south of Haldia and is located over the Eocene Hinge
Zone (GSI, 2000), which induced more damage to
this region. Bhubaneswar and Amravati lie under the
moderate hazardous zone. Bhubaneswar was located
in seismic zone III, with an MSK intensity of VII
and an expected maximum PGA of 0.16 g (IS 1893,
2002). Dhar et al. (2017) concluded that in the Bhu-
baneswar region, there are fewer earthquakes, and
only neo-tectonic faults have lower influences on
seismic hazards. Similarly, Amravati lies in seismic
zone III and is categorised into low to moderate-risk
zones due to earthquakes (IS 1893, 2002). Satyan-
narayana and Rajesh (2021) estimated that the maxi-
mum potential earthquake within Amaravati is about
6.7-moment magnitude. Pondicherry and Visakhapat-
nam have been recognised as zones of weakness with
established neotectonic activity (Murthy et al., 2010).

@ Springer

We also find that 28.54% area is classified as
very low hazard, 14.97% as low, 23.64% as moder-
ate, 27.38% as high and 5.46% as very high. 27.58%
of the population resides in a very low hazard zone,
12.67% in a low hazard zone, 19.60% in a moder-
ate zone, 33.59% in a high zone, and the remaining
resides in a very high hazardous zone (Table 6).

The earthquake risk map uses spatial hazard infor-
mation, vulnerability and coping capacity. The analy-
sis shows that significant metropolitan cities such as
Puri, Kakinada, Chennai and Kanyakumari lie in the
very low-risk zone (Fig. 6). Bhubaneswar, Visakhapa-
tnam and Pondicherry fall under the low earthquake-
risk zone, and Haldia and Amravati are included
under the moderate risk area.

The numerical figures reveal that 29.89% of the east
coast region has a very low earthquake risk, 36.25% has
a low earthquake risk, 29.40% has a moderate earth-
quake risk, 4.21% has a high earthquake risk, and 0.25%
has a very high earthquake risk. The population follows a
similar pattern, with 27.48% of the population in the east-
ern coastal plain being under very low earthquake risk,
32.09% being low, 29.19% being moderate, 11.23% being
high and a negligible percentage living in very high earth-
quake risk regions.

Coping capacity

During earthquake events, coping capacity is a game-
changer (Jena et al., 2021b). Coping capacity necessi-
tates proper training, awareness and resource manage-
ment. The coping capacity of the east coast has been
determined using information regarding communica-
tion networks, hospitals, service centres and police sta-
tions. The AHP-CRITIC approach is applied to com-
pute the weights of the factors (Table 2). The result
indicates that most significant metropolitan cities fall
under very high coping capacity except Balasore, which
falls under moderate coping capacity (Fig. 7).

The result indicates that most significant metro-
politan cities fall under very high coping capacity
because of the development of several multispecial-
ity governments, private hospitals, communication
networks and disaster management centres (Fig. 7).
These cities are relatively developed and pose a high
coping capacity. However, the agencies should focus
on areas with low coping capacity against the hazard.
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Fig. 4 Earthquake probability map for the eastern coastal region of India

Interestingly, in the study area, less than 0.3% of
the population has a very low coping capacity, 3.08%
has a low, 9.30% has a moderate, 22.63% has a high
and 64.73% has a very high coping capacity against
the earthquake hazard. Nonetheless, approximately

12% population in the study area is at high seismic
risk. However, these areas could be transformed into
low-risk zones with appropriate planning and miti-
gation strategies.
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Fig. 5 Earthquake hazard map for the eastern coastal region of India
Validation and sensitivity analysis of the model
We aim to develop a novel methodology that will

improve estimations of the earthquake risk in the east-
ern coastal plain of India. We analysed vulnerability and

@ Springer

coping capacity sensitivity to comprehend the impact
of parameters (Table 7). For this purpose, we determine
the priority of the parameters by changing the alpha («)
value. The parameter used for the vulnerability has a
consistent ranking for a>0.6, satisfying the results of
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Fig. 6 Earthquake risk map for the eastern coastal region of India. Red zones are very high risk, while green zones are relatively low

risk zones

Chuansheng et al. (2012) that the value should be set as
0.6 for the actual situation of parameters. For the cop-
ing capacity, the sensitivity analysis indicates that when
a is 0.2, the hospital is at a higher priority and remains

throughout the analysis without the influence of a. For
a=0.6, the ranking pattern becomes almost consistent
except for service centres and police stations. For values
of a as 0.8 and 1, the ranking pattern remains consistent.
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Fig. 7 Coping capacity map for the eastern coastal region of India. Red zones have a very low coping capacity, while green zones

have a relatively high coping capacity

Therefore, the sensitivity analysis validates our weight
assigning and ranking procedure.

The confusion matrix yielded an overall accuracy of
86.72% (Table 4). The producer accuracy was high for all

@ Springer

the classes; however, the moderate class showed relatively
lower accuracy. The user accuracy also exhibited the same
pattern. The Kappa index of agreement exhibited a high
value, reaching an overall index value of 80.67% (Table 5).
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Table 7 Sensitivity Layers a=0.2 a=0.4 a=0.6 a=0.8 a=1

analysis of the applied

MCDM model for Population density 0.1018 (3) 0.1286(2) 0.1554(1) 0.1822(1)  0.2090 (1)

Z;‘Pl)’:zi‘;‘hty and coping Building density 01230 (1) 0.1350 (1) 0.1470(2)  0.1590(2) 0.1710 (2)
LULC 0.1138(2) 0.1196(3) 0.1254(3) 0.1312(3)  0.1370 (3)
Education institution 0.0844 (5)  0.0908 (4) 0.0972(4) 0.1036 (4)  0.1100 (4)
Transportation terminal 0.0806 (6) 0.0822(6) 0.0838(5) 0.0854(5)  0.0870 (5)
Visiting and Popular Places  0.0896 (4)  0.0852(5)  0.0808 (6) ~ 0.0764 (6)  0.0720 (6)
Stadium 0.0654 (8)  0.0628 (7)  0.0602(7) 0.0576 (7)  0.0550 (7)
Historical places 0.0562 (9)  0.0534(9) 0.0506(8) 0.0478 (8)  0.0450 (8)
Museum 0.0660 (7)  0.0580(8)  0.0500 (9)  0.0420 (9)  0.0340 (9)
Religious places 0.0494 (13) 0.0438 (13) 0.0382 (10) 0.0326 (10) 0.0270 (10)
Dams 0.0540 (12)  0.0460 (12) 0.0380 (11) 0.0300 (11) 0.0220 (11)
Park density 0.0578 (11)  0.0476 (11) 0.0374(12) 0.0272 (12) 0.0170 (12)
Gas station 0.0594 (10) 0.0478 (10) 0.0362 (13) 0.0246 (13) 0.0130 (13)
Layers a=0.2 a=04 a=0.6 a=0.8 a=1
Hospital 02750 (1) 0.3110(1) 0.3470(1) 0.3830(1) 0.4190 (1)
Road network 02134(3) 02258(2) 02382(2) 0.2506(2) 0.2630 (2)
Rail network 0.1328 (5)  0.1396(5)  0.1464 (3)  0.1532(3)  0.1600 (3)
Service centre 0.1634 (4)  0.1468 (4)  0.1302(5) 0.1136 (4)  0.0970 (4)
Police station 02156 (2) 0.1772(3) 0.1388(4)  0.1004(5)  0.0620 (5)

In general, the model demonstrated a significantly high level
of accuracy. Comparing our result with previous literature,
Jena et al. (2020) found that the coastal areas of Odisha fall
under a moderate to very low earthquake probability zone,
indicating that these areas are not highly probable for future
events, and our result is almost aligned with their outcome
(Fig. 4). However, their methodology was different from our
proposed model. The other validation method is to develop
the receiver operating characteristic (ROC) curve and evalu-
ate the model’s sensitivity to earthquake probability. The
area under the curve (AUC) is a metric used to assess the
accuracy of an earthquake probability assessment. Gener-
ally, the AUC has been categorised as no discrimination,
acceptable, excellent and outstanding for values equal to 0.5,
0.7-0.8, 0.8-0.9 and greater than 0.9, respectively (Malakar
et al., 2022). Our result shows an AUC value of 0.85, which
is considered relatively good for validating the accuracy of
our model. (Fig. 8) and makes our approach better for map-
ping the earthquake risk for the study area.

Model limitations and future prospects

The model’s strengths, challenges and weaknesses
are based on the model data, thematic parameters and
model implementation. This study aims to predict an
earthquake risk on the east coast of India by using the

integrated combined MCDM methods (subjective and
objective), along with the ANN and GIS techniques.
This study show cases a thorough evaluation of risks
and can be implemented on a large scale to obtain
precise risk information.

The constraints and challenges of this study are
mostly related to collecting large datasets and their pro-
cessing using machine-learning algorithms. Proper data-
sets of some parameters may not be available, besides
obtaining datasets for larger study regions. As a result,
data from other (secondary) sources are used, which
may contain inaccuracies. Similarly, absence of parame-
ters such as liquefaction factors, soil characteristics, fault
characteristics, earthquake precursors, seismic structure
and building types has an impact on the study. Subjec-
tivity makes it difficult to obtain high-quality data and
estimate priorities. Furthermore, limitations also arise
from failing to account for diurnal or day and night fluc-
tuations in many characteristics when evaluating vul-
nerability. Also, the ANN technique is data-dependent.
Hence, an earthquake probability distribution study
requires lots of training data; selecting appropriate
parameters is crucial to avoid bias in results. Designing
and implementing the ANN model require a significant
amount of work. Despite all these limits and obstacles,
the models used in this study are effective for assessing
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Fig. 8 Receiver operating characteristic curve (ROC) for the earthquake probability map

earthquakes and mitigating and minimising disaster risk.
This approach can be used in other areas with few modi-
fications, and several government agencies can utilise
the results.

However, high-resolution LiDAR-created Digital
Elevation Models (DEMs) and a three-dimensional city
model may improve results in the future. Additionally,
future research should explore the impact of biodiver-
sity on earthquake risk assessment in specific regions in
conjunction with other machine-learning methods. Ulti-
mately, the integration of the AHP, CRITIC and ANN
with Geographic Information System (GIS) provides
a promising framework for investigating the effects of
various disasters on both society and infrastructure.

Conclusions

Identifying hazardous and risk zones is a cru-
cial aspect of mitigating seismic hazards. In this
study, we have estimated the earthquake risk for
the east coast of India by integrating MCDM mod-
els, namely the subjective AHP and the objective
CRITIC, with ANN. Twenty-seven non-spatial and
spatial data sets were used to evaluate earthquake
risk in the study area.

This study indicates that approximately 4.46%
of the area of the East Coast region is prone to
high earthquake risk, 29.40% moderate, 36.25%

@ Springer

low risk, and the remaining area is under very low
earthquake risk. About 11.24% of the total resid-
ing population is at high risk, 29.19% at moder-
ate, 32.09% at low and 27.48% live under very low
risk. The sensitivity analysis has been performed
to comprehend the impact of various parameters
used to develop the coping capacity and vulner-
ability for the east coast. We have also used the
ROC curve to validate the AHP-CRITIC-ANN
integrated model, which indicated relatively good
results with an AUC of 0.85. The results may
be helpful to mitigation and planning authori-
ties in identifying risk prone areas in the East
Coast region and plan for any potential earthquake
induced disaster well in advance.
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