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Abstract6

Earthquake threats can result in fatalities, property destruction, and other cascading effects. Since it is nearly impossible7

to prevent earthquakes, anticipating the location of future earthquakes and figuring out their likelihood could be very8

helpful in reducing the seismic threat. In this work, seismic hazard prediction is executed to forecast adverse results using9

a range of potential artificial intelligence (AI) techniques, including ML and ANN. In the case study, we have looked at10

Turkey, which was recently and badly damaged by two earthquakes in February 2023. To predict earthquake magnitude,11

this study used a variety of regression algorithms, including Decision Tree Regressor, Extra-Trees Regressor, Random12

Forest Regressor, Bayesian Ridge Regressor, and advanced gradient boosting decision tree (GBDT) algorithms such as13

XGBoost, LightGBM, and CatBoost, as well as three artificial neural networks (ANN). The predicted magnitude and risk14

zone of an earthquake are mapped using a geographic information system (GIS), and the maps performed well in terms15

of prediction. The generated maps is showing the expected earthquake risk based on historical data using the statistical16

computations. The ANN models perform exceptionally well, with R2 scores of 0.99 and 0.98 for training and case study17

data, respectively, and low values for MSE, MAE, and RMSE. ML models have demonstrated an exceptional ability to18

properly generalize from a single dataset, which implies they can accurately anticipates results for new and untested data.19

The results would be helpful to many local emergency preparedness and infrastructure planning organizations.20

Keywords: Earthquake hazard, Geo-risk, AI, ML, ANN, GIS, Seismic vulnerability mapping, Turkey21

1. Introduction22

The type of incoming seismic waves, geography, rock-mass qualities, groundwater conditions, and other factors reg-23

ulate how much the magnitude and depth of an earthquake affect how much the landscape is disturbed. Although the24

seismic motion is an extremely fast and instantaneous disturbance, its effects eventually fade, and over time, earthquakes25

can have an impact on how mountain landscapes change. A major mainland earthquake actually triggers a series of26

events. Earthquakes cause landslides, fissures, avalanches, fires, tsunamis, and earth-shaking, breaking, and liquefaction.27

Liquefaction beneath a structure’s surface during an earthquake can cause substantial harm. These processes represent28

a risk when they interact with the human world because they each carry a different level of risk. Recent advancements29

in geo-technical domains and geographic decision support systems, along with an increase in the need for spatial data,30

have sparked the emergence of new opportunities with relation to seismic emergency planning and management concerns.31

Emergency managers increasingly need spatial data to make complicated decisions involving numerous stakeholders across32

multiple teams and criteria.33

34

Turkey is located in a dangerous geographic location. Turkey is at the intersection of four tectonic plates: Anatolian,35
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Arabian, African and Eurasian. Turkey’s seismotectonic setting has long been characterised by the westward extension36

of Anatolia caused by the collision of the Arabian and Eurasian plates. At a rate of around 4.5 cm per year, the African37

plate is continuously pushing the Anatolian plate westward [35]. The North Anatolian fault and the East Anatolian fault,38

which are important transformations, are where the majority of the deformation related to the extrusion is accommodated.39

Moreover, a back-arc extensional regime in Western Anatolia is produced by the complex tectonic process of the African40

plate subducting along the Aegean arc and Cyprian arc. The North Anatolian Fault (NAF), East Anatolian Fault (EAF),41

North East Anatolian Fault (NEAF), and Aegean Arc regulate the majority of seismic events occurring in Turkey.42

43

Figure 1: Geotectonic position of Turkey

At least 20,000 people died as a result of the magnitude 7.4 earthquake that rocked the Turkish city of Izmit on August44

17, 1999 [18]. This terrible incident served as additional evidence in favor of a novel method for predicting earthquake45

locations in the future by examining the stress transfer along faults. An earthquake won’t often occur on a section of46

a fault again until the stress rebuilds because each earthquake event relieves some of the stress that builds up on fault47

segments over time. Such reaccumulation often occurs over hundreds to thousands of years. The future earthquakes are48

likely to strike a new part of the fault, though, because an earthquake also transmits and increases stress further along49

the fault. The 1,400-kilometer-long (870-mile-long) east-west North Anatolia fault in Turkey has experienced a systematic50

development of large earthquakes from east to west. The USGS scientists estimated a 12% probability that an earthquake51

of magnitude 6.7 or bigger would occur in the Izmit area during the next 30 years, a forecast that was made just before52

the 1999 Izmit earthquake. The Izmit earthquake, according to USGS’s preliminary assessments, increased strains on53

a fault segment in the Marmara region southeast of Istanbul. The frequency of minor earthquakes beneath the Sea of54

Marmara has significantly increased after the Izmit earthquake, supporting this finding. These results helped shape USGS55

predictions of a 62% likelihood of heavy shaking near Istanbul over the following 30 years.56
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57

A 7.8-magnitude earthquake with a 17.9-km depth struck Turkey and Syria at 4:17 a.m. on February 6, 2023, killing58

over 300 people immediately 1. A powerful 7.6-magnitude earthquake rocked the Elbistan region in the southern Turkish59

province of Kahramanmaraş at 4:30 p.m., leaving 1,300 people dead. The earthquake was first felt at Pazarck, a village in60

southern Turkey, about an hour’s drive to the north of Gaziantep, a significant industrial city. The epicenter of the second61

tremor was at Nurda, a city some 80 kilometers to the southwest. On February 17, 2023, news reports indicated that62

10 Turkish provinces had experienced at least 40,642 fatalities, 108,068 injuries, and 41,791 damaged or destroyed homes63

2. At least 6,396 people died, 14,500 were hurt, 490 structures were destroyed, and thousands more were damaged in64

northwest Syria. Iskenderun, in Turkey, experienced land subsidence. Turkey was severely damaged by these earthquakes,65

which resulted in about 48,448 fatalities and 115,000 injuries across its 11 provinces3. A small tsunami was brought on66

by waves measuring 12 cm in Iskenderun, Turkey; 13 cm in Erdemli; and 17 cm in Famagusta, Cyprus. A maximum67

magnitude of 7.8 and an intensity level of IX were reported for the most powerful earthquake ever.68

69

Arabian plate is moving into Eurasian plate, pushing the Anatolian plate—which Turkey lies on—outward and toward70

the north. The movement of the tectonic plates causes pressure to build up on the fault zones that are close to their71

boundaries. Cracks in the earth’s crust that cause movement are known as faults. The sudden release of this pressure72

results in earthquakes and shaking of the ground. The East Anatolian fault or the Dead Sea Transform fault, one of the73

primary faults, is probably where the Turkey earthquake took place. The energy of an earthquake is actually produced74

by moving along a fault’s area. The fault area that has shifted has grown in size in direct proportion to the earthquake’s75

magnitude. An event with a magnitude of 7.8 most likely moved across an area that was about 190 km long and 25 km76

wide. The shaking will consequently be felt over a huge area. There will be a lot of aftershocks following large earthquakes77

as the crust recalibrates to the changes in stress. In the first twelve hours after the original quake, there were three other78

earthquakes in southeast Turkey that had a magnitude greater than 6.0. On the Sürgü Fault, a distinct but neighboring79

fault system, further to the north, an aftershock of magnitude 7.5 took place. All these heavy earthquakes occurred80

where the Dead Sea fault and the East Anatolian fault meet. This earthquake sequence caused serious damage to the81

northernmost portion of the Dead Sea fault and the majority of the southwest portion of the East Anatolian fault.82

83

Hazard maps are created to highlight locations that are impacted by or sensitive to a specific hazard. By minimizing84

exposure to some risks and planning other development to offset or neutralize their potential negative impacts, planners,85

developers, and engineers can save lives and prevent financial losses by appropriately utilizing the resources provided by86

hazard maps. Many risks associated with earthquakes and their aftershocks can be identified and mapped individually in87

areas where doing so is a top priority. Landslides and soil liquefaction can result from ground shaking in areas that are88

vulnerable to these dangers. Understanding the type and size of local flood plains is crucial for managing earthquake risk89

because ground failure that damages dikes and dams can result in flooding.90

91

1https://www.emsc-csem.org/Earthquake/earthquake.php?id=1218444
2U.S. Geological Survey, The M7.8 and M7.5 Kahramanmaraş Earthquake Sequence struck near Nurdağı, Turkey (Türkiye) on February 6,

2023, at URL https://www.usgs.gov/news/featured-story/m78-and-m75-kahramanmaras-earthquake-sequence-near-nurdagi-turkey-turkiye
3”Depremlerde can kaybı 48 bin 448 oldu” [Loss of life in earthquakes was 48 thousand 448], TRT Haber, 13 March 2023.
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The East Anatolian Fault (EAF), a significant active left-lateral strike-slip fault in Turkey, experienced seismic activity92

in the 19th century [13, 10]. Seismically, it is currently active once more. As much as 400 kilometres of the fault’s surface93

were ruptured during the earthquake of 2023. The EAF is among the most intense and damaging fault zones, producing94

several earthquakes of large size both historically and experimentally, according to Güvercin et al. (2022) [12]. Predicting95

earthquake magnitude is crucial for handling the situation. Under this circumstance, earthquake hazard maps must be96

produced using GIS and the estimated magnitude in order to identify the most dangerous areas, respond quickly to the97

right places, organize the mobilization of equipment, the removal or retrofit of assets, and assess damage and initiate98

recovery operations as a part of catastrophe mitigation measures. It is essential to determine the outputs of danger maps99

as quickly and precisely as feasible.100

101

1.1. Related Work102

Seismic risk assessment plays a fundamental role in minimising potential losses due to upcoming earthquakes. It is a103

crucial instrument for establishing governmental policy about land use planning, building codes, insurance, and emergency104

preparedness. The impact of earthquakes on society and the economy can be reduced by accurate seismic hazard and105

risk estimation. In order to lessen prospective losses caused by future earthquakes in Nepal, Chaulagain et al. (2015)106

[5] evaluated structural vulnerability, seismic risk, and the consequent potential economic losses. In order to assess the107

seismic risk, recent exposure data, a newly designed structural vulnerability, and an existing probabilistic seismic hazard108

are all used. The Global Earthquake Model initiative’s open-source platform for assessing seismic hazard and risk, known109

as OpenQuake-engine, was utilised to determine the seismic hazard and risk in Nepal. According to this study, the mid-110

western and eastern regions of Nepal have a larger seismic risk than the southern region of Nepal, which has the lowest111

seismic risk. Maio et al. (2016) [19] presented a case study of Faro city, with the goal of analyzing and evaluating the seismic112

susceptibility of its 354 old brick buildings. These goals were accomplished by using a vulnerability-index-based method113

to analyze the seismic risk of the old masonry buildings located in Faro’s historical center (Ribeirinha region), which was114

done through thorough examination and survey. The generated results were analyzed using a geographic information115

system (GIS) tool. Using GIS techniques, the study of Bhagyaraj et al. (2023) [4] has mapped the earthquake-induced116

landslide susceptibility in Ladakh and Jammu and Kashmir, two recently constituted union regions of India. In order to117

prevent landslides from occurring, they determined the static safety factor, which is a crucial component of landslide haz-118

ard assessments. Due to valley obstruction and landslide dam breaking incidents, the Himalayan region also experienced119

landslide-induced damages in the downhill zones. Das et al. (2023) [8] demonstrated that experts conducted landslide120

susceptibility zonation (LSZ) assessment for several regions of this seismically active high mountainous terrain utilizing a121

variety of methodologies, mostly spanning from conventional subjective views to sophisticated machine learning models.122

Sangeeta et al. (2020) [32], Sangeeta et al. (2022) [31], and Samm-A et al. (2023) [30] all perform additional study on123

LSZ . The map combination strategy and the AHP method were consistently used with various area and mapping unit124

sizes, it has been observed.125

126

Rahman et al. [28]’s study has assessed the risk of earthquake and fire in a particular location of Dhaka City while127

taking socioeconomic factors into consideration. FEMA-RVS visual screening method, ADPC (2004) fire hazard method-128

ology, and World Bank (2014) social vulnerability methodology were all used to examine a sample of 350 structures for129

earthquake, fire hazard, and vulnerability to social factors. The research area’s socioeconomic vulnerability state, as well130
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Table 1: Abbreviations

Names Abbreviations

Artificial Neural Network ANN

Adaptive Neuro-Fuzzy Inference System ANFIS

Geographic Information System GIS

Seismic Multi-channel Analysis of Surface Waves MASW

Analytic Network Process ANP

Rapid Visual Screening RVS

Random Forest Regressor RF

Precision Appraisal PA

Frequency Ratio FR

weights-of-evidence models WEM

Radial Basis Function RBF

Extreme Gradient Boosting Algorithm XGBoost

Bayesian Ridge BR

Deep Neural Network DNN

Multivariate Adaptive Regression Splines MARS

Boosted Regression Trees BRT

Dam Break Model DamBrk

Boosted-Tree model BT

Decision Tree Regressor DT

Category Gradient Boosting CatBoost

Extra Trees Regressor ET

Light Gradient Boosting Machine LGBM

Mean Absolute Error MAE

Mean Square Error MSE

Root Mean Square Error RMSE

R-squared score R2

Normal Root Mean Square Log Error NRMSLR

Federal emergency Management Agency FEMA

Rapid Visual Screening RVS

Multiple-criteria decision analysis MCDA

Analytic Hierarchy Process AHP
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Table 2: Abbreviations

Names Abbreviations

Technique for order of preference by similarity to ideal solution TOPSIS

Peak Ground Acceleration PGA

Delaware Environmental Navigator DEN

Silhouette Clustering SC

Hierarchical Clustering Analysis HCA

Convolutional Neural Network CNN

Fuzzy Analytic Hierarchy Process FAHP

Multilayer Perceptron MLP

Rapid Visual Survey by Institut Teknologi Sepuluh Nopember RViSITS

Long short-term memory LSTM

Fuzzy-Logistic Regression fuzzy-LR

Multi-Criteria Evaluation–Logistic Regression MCE–LR

Classification Tree Analysis CTA

as the risk of earthquake and fire, have all been taken into account when creating the composite vulnerability score. It was131

displayed as a map created with ArcGIS 10 that showed structures in several vulnerable categories. The findings indicated132

that fire risk is relatively more prevalent in the research area than earthquake risk. Cox et al. (2011) [7] present a seismic133

site classification micro zonation for Port-au-Prince based on 35 shear wave velocity (VS) profiles gathered throughout134

the city and a revised geology map of the area. The multichannel analysis of surface waves (MASW) approach was used135

to acquire the VS profiles. The geologic map was created using field mapping and geomorphic interpretation of a digital136

elevation model (DEM). In order to classify seismic sites around the city using codes, relationships between the mean137

shear wave velocity over the top 30 m of the subsurface (VS30) and surficial geologic unit have been constructed. This138

article provides a site classification map for the National Earthquake Hazards Reduction Program.139

140

The amount to which social, economic, and physical assets are vulnerable to natural disasters is referred to as urban141

vulnerability. In order to determine the index value of vulnerability while taking into account social, economic, environ-142

mental, and physical vulnerability, Alizadeh et al. (2018) [1] created a new hybrid framework utilising Analytic Network143

Process (ANP) and Artificial Neural Network (ANN) models. This score was then applied to Tabriz City, a seismically144

active province in Iran’s northwest that frequently experiences destructive earthquakes with significant aftershocks and145

damage. In order to create an earthquake vulnerability map, a Geographical Information Systems (GIS) analysis was146

utilised to discover and assess quantitative vulnerability indicators. In order to create the training database, the classified147

and standardised indicators were then sorted and weighted using an ANP model. Standardized maps along with the148

training site maps were then supplied as input to Multilayer Perceptron (MLP) neural network generating an Earthquake149

Vulnerability Map (EVM). Ultimately, an EVM was created for Tabriz City, and the vulnerability levels in different zones150

were determined. The results show that the south and southeast areas of Tabriz City have low to moderate susceptibility,151

while some zones in the northeastern tract have critical vulnerability conditions. In their study, Malakar et al. (2022)152
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[20], they employed the hierarchy density-based clustering technique to automatically identify the Himalayan ranges’ most153

active seismicity zones, which are situated along the Indo-Eurasian tectonic plate collision boundary. Effectively increasing154

earthquake susceptibility include geological, structural, and social factors. The study [21] examined seismic susceptibil-155

ity in the Abbottabad District of Pakistan by incorporating different important supporting techniques to produce more156

precise results. To estimate the vulnerability zones of various hazard areas with the greatest degree of precision, hybrid157

models such as fuzzy-logistic regression (fuzzy-LR) and multi-criteria evaluation-logistic regression (MCE-LR) are trained158

using multiple criteria decision analysis-multiple criteria evaluation (MCDA-MCE) and fuzzy-multiple criteria analysis159

(fuzzy-MCDA).160

161

For the risk assessment of seismic loss, a number of analytical techniques, including both qualitative and quantitative162

risk evaluations, are accessible since scenario-based seismic disaster risk assessment is an efficient method for enhancing163

earthquake relief. In order to estimate the potential social and economic damages from earthquakes, scenario-based seismic164

disaster risk assessment is frequently employed and has grown to be a highly significant tool for local residents and gov-165

ernments. In their study published in 2019, Zhuang et al. [38] suggested a strategy that takes into account the population166

as the element most at danger, as well as the peak ground acceleration (PGA) of an earthquake and the landslides that167

are caused by it. These three variables can be used to calculate the risk to social and economic elements as well as the168

possible repercussions of earthquakes. The PGA is a key component in calculating the magnitude of an earthquake and is169

a crucial factor in evaluating how much infrastructure is destroyed and moved as a result of an earthquake. The size and170

distance of the earthquake from the active fault have the biggest effects on the PGA. The population, the second aspect,171

has to do with the local social and economic context. Geological changes, monetary loss, and mortality are all effects of172

earthquake hazards. For the purpose of predicting and preventing earthquake damage, Earthquake Risk Mapping (ERM)173

is crucial knowledge. In order to construct hybrid models for ERM, Yariyan et al. [36] study employed the Classification174

Tree Analysis (CTA) learner model with three Gini, Entropy, Ratio split, and Fuzzy ART MAP (FAM) models. The175

Earthquake Risk Conditioning Factors, which encompass environmental, physical, and social elements, were chosen based176

on the opinions and experiences of experts.177

178

In order to address geohazards and real-world issues, artificial intelligence (AI) approaches have gained a lot of traction179

and have been applied in a variety of applications, especially in the area of seismic risk and prediction. Jena et al. (2020)180

[15] work used clustering analysis to pinpoint earthquake-prone regions, created a CNN model to estimate probabilities,181

and calculated and compared the risk using two different equations. The CNN model evaluated probability due to its182

strong predictive capacity, and SC and PLC were used to comprehend spatial clustering, Euclidean distance between183

clusters, spatial relationships, and cross-correlation among the predicted Mw, PGA, and intensity including events depth.184

The vulnerability assessment was completed by using AHP. In order to do this, results from assessments of earthquake185

vulnerability, seismic amplification susceptibility, and earthquake probability were used to generate risk. Asim et al. (2017)186

[3] used machine learning classifiers in conjunction with the temporal sequence of previous seismic activity to forecast187

the magnitude of earthquakes for the Hindukush region. The study of Asim et al. (2018) [2] used a prediction model188

consisting of Support Vector Regressor (SVR), followed by Hybrid Neural Networks (HNN), and Improved Particle Swarm189

Optimization, to carry out earthquake prediction using sixty seismic features from the Hindukush, Chile, and Southern190

California regions. The study by Jena et al. (2020) [16] created an integrated model by utilizing the artificial neural191
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network-analytic hierarchy process (ANN-AHP) model for creating the seismic risk assessment map for Aceh province,192

Indonesia. For assessment of earthquake risk in Sanandaj City, Iran, Yariyan et al. (2020) [37] proposed a hybrid FAHP-193

ANN model. The deep learning approach is an excellent choice for modeling and forecasting natural hazard risks. In194

numerous natural hazard predictions, the Long Short-Term Memory (LSTM) model has gained significant popularity. In195

Jena et al. (2021)[14], the earthquake susceptibility of the entire country of India is evaluated using the LSTM model196

and appropriate Geospatial Information Systems (GIS) methodologies. Their findings showed that the AI-based model197

outperformed conventional models and basic neural networks.198

Table 3: Review

Author (Year) Study Areas Methods

Pal et al. (2008)[26] Sikkim, Himalayan territory GIS

Cox et al. (2011)[7] Port-au-Prince, Haiti MASW

Chaulagain et al. (2015)[5] Nepal, Himalayan territory Vulnerability functions, OpenQuake-engine

Rahman et al. (2015)[28] Dhaka city, Bangladesh FEMA-RVS, AHP, GIS

Maio et al. (2016)[19] Faro, Portugal Hybrid vulnerability-index-based method,

GIS Tool.

Alizadeh et al. (2018)[1] Tabriz city, Iran ANP, ANN

Merciu et al. (2018)[22] Bucharest, Romania GIS

Nyimbili et al. (2018)[25] Küçükçekmece Region, Istanbul, Turkey MCDA, AHP, TOPSIS, GIS

Zhuang et al. (2019)[38] Guyuan Region of China PGA, DEM

Jena et al. (2020)[15] Palu, Indonesia HCA, SC, ML, CNN, AHP, GIS

Yariyan et al. (2020)[37] Sanandaj City, Iran AHP, FAHP, FAHP-ANN, MLP

Jena et al. (2020)[16] Aceh province, Indonesia ANN, AHP

Riyanto et al. (2020)[29] Surabaya, Indonesia RVS, RViSITS, FEMA

Jena et al. (2021)[14] India LSTM, GIS

Maqsoom et al. (2021)[21] Abbottabad District, Pakistan fuzzy-LR, MCE–LR

Yariyan et al. (2022)[36] Sanandaj city, Iran CTA, NN, GIS

Malakar et al. (2022)[20] Himalayas Fuzzy AHP, TOPSIS

Bhagyaraj et al. (2023)[4] Ladakh, Jammu, Kashmir, India Newmark’s method, GIS

This paper Turkey ANN, XGBoost, CatBoost, RF,

DT, ET, LGBM, BR

199

Earthquake hazard maps show the amount of shaking that can be reasonably anticipated at a given likelihood over200

a given period of time [34]. Despite the fact that these maps are frequently produced, experience has shown that they201

frequently fall short of predicting future earthquakes and what will happen during them. The location and size of upcoming202

earthquakes can be predicted with the use of information on active faults. Strong earthquake hazard assessments help203

us better grasp how frequently and violently the earth might tremble in the future at a certain site [11]. A seismic204

hazard assessment’s goal is to identify the ground motions that should be taken into account when designing structures205
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Figure 2: 2D Elevation Mapping for Turkey

Figure 3: 3D Elevation Mapping for Turkey
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or estimating risks. A model for the future earthquake source and a model to predict the movements at the site because206

of each earthquake scenario make up the two fundamental parts of any assessment of the earthquake hazard. Additionally,207

it lays the groundwork for effectively modifying mitigation strategies to increase a community’s quake resistance. To lessen208

the harm, this study presents a Turkish Seismic Hazard Assessment and Mapping. In this study, earthquake prediction209

and the creation of seismic hazard maps are both accomplished using artificial intelligence (AI) techniques and geographic210

information systems (GIS). The central and southern regions of Turkey are the case study for this work, which focuses on211

the use of the GIS based on prior geophysical data using the ML and ANN technique.212

1.2. Paper Structure213

This paper is structured as follows: Section 2 provides a geological explanation of the region mentioned earlier. In part214

3, data analysis is covered. Sections 4 provide an outline of the research methods. Section 5 analyzes all of the findings215

from each proposed approach. In section 6, we’ve offered a case study to demonstrate the validity of our concepts. Section216

7 includes a general analysis, benefits of our framework, and suggestions. The conclusions are mentioned in Section 8.217

Future research directions are presented in Section 9 to conclude our plans.218

2. Geology and Tectonics219

Turkey is primarily a mountainous nation, with significant lowland areas limited to the coastline borders. Less than220

two-fifths of the surface is below 1,500 feet in elevation, and around one-fourth is above 4,000 feet. In several locations,221

especially in the east, mountain crests are higher than 7,500 feet. The Demirkazk Peak (12,320 feet) and Mount Aydos222

(11,414 feet) are also noteworthy summits. In the southeast, Uludoruk Peak rises to a height of 15,563 feet. In contrast223

to the fact that only around one-sixth of the terrain is level or moderately sloping, steep slopes are typical throughout the224

nation. Several components of the physical environment are impacted by these mitigating factors, creating climates that225

are frequently far severe than would be predicted for a country with Turkey’s latitude. With sedimentary rocks from the226

Paleozoic to the Quaternary, many intrusions, and vast amounts of volcanic material, Turkey’s geology is complicated.227

The central massif, the southern folded zone, the northern folded zone, and the Arabian platform can be distinguished as228

the four primary geographical areas.229

230

When tectonic plates move within the crust of the Earth, geological faults begin to rupture, causing earthquakes to231

happen. Turkey is in a particularly risky position since it is situated where three tectonic plates meet. Turkey experiences232

seismic activity as a result of the relative motions of four major tectonic plates: the Anatolian, African, Eurasian, and233

Arabian. As a result of many first-order plate boundary interactions between these plates, due to subduction, large-scale234

transform faulting, compressional mountain building, and crustal extension, the area’s geology has developed. The Ana-235

tolian block is moving westward as a result of the Mediterranean Sea closing when the African, Arabian, and Eurasian236

plates collide. Along the North and East Anatolian faults, such motion is mostly absorbed. Between the Anatolian block237

to the north and the African plate in the south, Cyprus Arc serves as the convergent (subduction) border. A strike-slip238

system with a northward tendency that accommodates the differential motion of the African and Arabian plates is the239

Dead Sea fault, which is located further south. At the southern end of the Dead Sea fault, where speed decreases farther240

north, the Arabian plate slides through the African plate in a northerly direction at a rate of roughly 10 mm per year.241

The heavily populated Levant region has always faced serious risks from seismic events all along Dead Sea fault (eastern242
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Mediterranean). A complicated deformation zone in southern Turkey is the convergence point of the western edge of the243

East Anatolian fault, the north part of the Dead Sea fault, and also the eastern tip of the Cyprus Arc.244

245

The regions of Turkey’s central and south are of more interest to us. This region includes some significant locations like246

Gaziantep, Kahramanmaraş, and Hatay where there has been a great deal of destruction and loss of life. To understand247

the elevations of Turkey’s surface, we utilize both 2D and 3D mapping [Figure 2, 3]. GIS technology was employed for248

this. Geographic Information System (GIS)-based mapping is the process of creating maps and researching geographic249

data using GIS technology. We have utilised Surfer software to perform 2D and 3D elevation profile mapping for the250

GIS-based mapping.251

252

2.1. Gaziantep253

Gaziantep is located on Latitude: 37.0662° N and Longitude: 37.3833° E at an elevation of 856 meters (2,808 feet)254

above sea level with a total area of 7,194 square kilometers (2,778 square miles) and a population of around 2 million255

people according to the 2021 census, making it Turkey’s sixth-largest city.256

257

Gaziantep, Turkey is situated close to the Arabian Plate and the Eurasian Plate boundaries. Since the two regions258

are converging at a rate of about 2-4 centimeters per year, this region is noted for its intense seismic activity. These259

tectonic shifts may lead to stresses and tensions in the outermost layer of the Earth, which may end up in earthquakes.260

Seismic measurements of the region indicate several active faults, including the East Anatolian Fault, which runs along261

Turkey’s eastern coast, and the North Anatolian Fault, which runs along the country’s northern coast. These lines have262

the potential to cause major earthquakes with magnitudes of 6.5 or higher.263

2.2. Kahramanmaraş264

Kahramanmaraş is a city located in the Mediterranean region of Turkey. with latitude: 37.5872° N and longitude:265

36.9267° E with elevation: 526 meters (1,726 feet) above sea level, the area: Approximately 14,000 square kilometers266

(5,400 square miles). Southern Turkish city Kahramanmaraş lies 78 kilometers north of Gaziantep. East-northeast of267

Adana, it is located at the border of a productive plain beneath Ahr Mountain. Three significant routes across the Taurus268

Mountains—from Göksun, Elbistan, and Malatya—have their southern outlets close to this city.269

270

The area of Kahramanmaraş, Turkey, lies adjacent to the East Anatolian Fault Zone, which separates the Eurasian271

and Arabian plates. This fault zone is known to be active and has caused multiple major earthquakes in the past,272

including a magnitude 6.0 earthquake in 2003 and a magnitude 6.1 earthquake in 2012. Earthquake risks are significant273

in Kahramanmaraş and other zones near the East Anatolian Fault Zone, as the region is prone to powerful earthquakes.274

Building collapse, landslides, and tsunamis, as well as fires and other secondary consequences, are all hazards caused by275

earthquakes.276

2.3. Hatay277

Hatay, Turkey is a city located on latitude: 36.2083° N and longitude: 36.1622° E with elevation: ranges from sea278

level to 1,950 meters (6,398 feet) above sea level and area: 5,524 square kilometers (2,131 square miles), the population:279
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According to the 2021 census, the population of Hatay is around 1.6 million people, making it the eleventh-largest city in280

Turkey. The most southern province in Turkey is Hatay Province. Most of it is outside of Anatolia, on the eastern shore281

of the Levantine Sea. The province shares borders with Syria on its south and east, Adana on its northwest, Osmaniye on282

its north, and Gaziantep on its northeast. It is situated in portion of Ukurova, a sizable fertile plain near Cilicia. Antakya283

serves as its administrative hub. The north-easterly line of equal latitude and longitude passes through Hatay, where 46%284

of the area is made up of mountains, 33% is plain, and 20% is made up of plateaus and foothills.285

286

The Hatay province of Turkey is situated near the East Mediterranean region, which is the border between the African287

and Eurasian plates. This area is renowned for its complicated tectonic setting, which includes several active faults that288

offer a major seismic risk. Because of the existence of several active faults, including the North Anatolian Fault, the East289

Anatolian Fault, and the Dead Sea Transform Fault, the seismic threat in the Hatay area is significant. These faults have290

the potential to cause earthquakes of varying magnitudes, spanning from minor tremors to major, devastating occurrences.291

There is a history of devastating earthquakes in the region, including a magnitude 6.2 earthquake in 1998 that caused292

considerable damage and loss of life.293

Figure 4: Mapping of Turkey

3. Data Analysis294

3.1. Data Descriptions295

Magnitude(mag): The magnitude of an earthquake is a measurement of its size at its epicenter. It’s a logarithmic296

scale. The amplitude of the seismic waves used to estimate magnitude is roughly ten times greater during a magnitude 5297

earthquake than during a magnitude 4 earthquake at the same distance from the event. On an Average earthquake total298
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energy increases by a factor of around 32 for each unit rise in magnitude.299

300

Depth(depth):301

The depth indicates the point at which the earthquake begins to rupture. The WGS84 geoid, the mean sea level,302

or the average elevation of the seismic stations that provided arrival-time information for the earthquake location might303

all be used to measure this depth. The method utilized to locate the earthquake, which varies for each seismic network,304

has an impact on the reference depth selection. Because ComCat has data from several seismic networks, the technique305

for estimating depth varies depending on the event. The depth is the parameter that is least limited at the earthquake306

location, and because to the various depth measurement techniques, the error bars are frequently larger than the variation.307

308

GAP: Between stations that are azimuthally adjacent, this is the biggest azimuthal gap. The more accurate the309

calculated horizontal position of the earthquake is, generally speaking, the lower this number. There are often significant310

location and depth uncertainty at earthquake locations where the azimuthal gap exceeds 180 degrees.311

312

Minimum Distance (dmin): The horizontal distance between the nearest station and the epicenter is known as313

the Minimum Distance (dmin). A degree is roughly equal to 111.2 kilometers. In general, the accuracy of the estimated314

depth of the earthquake increases as this number decreases.315

316

Root-Mean-Square (rms): The root-mean-square (RMS) travel residual with all weights is the parameter in a317

second. This value gives an indication of how closely the actual arrival times match those anticipated for this location.318

Smaller values indicate a better match of the data. The quality weights applied to the arrival time data, the method used to319

locate the earthquake, and the accuracy of the velocity model used to calculate the earthquake location all affect the value.320

321

Table [4,5] lists the continuous and discrete parameters respectively that were employed in our analysis. The units,322

mean values, maximum values, minimum values, 75 percentile values, standard deviations (STD), typical values range,323

data type, and description of continuous variables are provided in Table[4]. Table[5] contains a list of discrete parameters324

along with their descriptions, sub-parameter counts, sub-parameter counts (count of how often they occur), and data325

types.326

3.2. Date vs Magnitude327

Graph given in Figure[5], describes the magnitude of the earthquake over the course of January 2023 to March 2023.328

The high magnitude earthquakes are observed on 6th February i.e., around 7.8 magnitudes, along with a number of329

earthquakes of high destructive magnitude.330

3.3. Magnitude vs Depth331

The graph given in Figure[6], describes the relationship between an earthquake’s magnitude with depth. For high-332

magnitude earthquakes, the depth is usually less. For instance, the depth for 7.8 magnitudes is just 10 meters.333

3.4. Correlation plots and matrix334

A clear picture of the co-relationships between various factors can be seen in the correlation graphs in Figure [7].335

Here, we have selected five characteristics, and are Magnitude (mag), Depth (depth), Gap (gap), minimum distance (d-336
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Table 4: Continuous features from Data-set

Parameters Description Units Max Min 75 % Mean STD Typical

Values

data

type

Magnitude

(mag)

The magnitude for

the earthquake

Richter

scale

7.80 4.50 5.00 4.84 0.46 [-1.0, 10.0] float64

Depth

(depth)

Depth of the earth-

quake

Kilometers 108.14 0.00 10.16 12.86 12.28 [0, 1000] float64

Gap (gap) The largest az-

imuthal gap be-

tween azimuthally

adjacent stations.

Degrees 191.0 13.0 71.0 57.26 28.96 [0.0, 180.0] float64

Minimum

Distance

(dmin)

Horizontal distance

from the epicentre

to the nearest sta-

tion.

Degrees 2.68 0.11 1.12 0.89 0.45 [0.4, 7.1] float64

Root Mean

Square

(rms)

The root mean

square (RMS)

travel time resid-

ual, in a sec, using

all weights.

Seconds 1.37 0.33 0.88 0.75 0.18 [0.13, 1.39] float64

Table 5: Discrete features from Data-set

Parameters Description Sub-parameter count
Sub-parameters (Count of number of

times appear)

data

type

Magnitude

Type

(magType)

The method or algorithm

used to calculate the pre-

ferred magnitude for the

event.

3 mb(163),mww(46), mwr(39) int64

Network

(net)

The ID of a data contribu-

tor. Identifies the network

considered to be the pre-

ferred source of informa-

tion for this event.

1 us(248) int64

The seis-

mic station

(location-

Source)

The network that orig-

inally authored the re-

ported location of this

event.

2 us(246), isk(2) int64
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Figure 5: Date vs Magnitude

Figure 6: Magnitude vs Depth(m)

min), and root mean square error (RMS) all related to earthquakes. The values and counts of the corresponding features337

are displayed in the diagonal graphs. The correlation trends between various features are shown in additional figures.338

Figure[8] gives the numerical description of how much a parameter is dependent on others. Positive values indicated339

positive dependence and simultaneously negative values indicate negative dependence.340

3.5. Danger-Zone Mapping341

Here, in this section we have done the required danger zone mapping depending upon the magnitude of earth quack342

observed till march 2023. We have classifier four Zones namely: Red zone, orange zone, yellow zone, and green zone.343

Red Zone : It is the most dangerous zone with the highest earthquake magnitude. The range of magnitude lies344

between 5.9 to 8. The latitude and longitude positions are given in Figure [9]345

Orange Zone : It is a moderately dangerous zone with a range of magnitude lying between 5.9 to 4.9. The latitude346

and longitude positions are given in Figure [9]347

Yellow Zone : It is a mild dangerous zone with a range of magnitude lies between 4.9 to 4. The latitude and longitude348

positions are given in Figure [9]349

Green Zone : It is a safe region where the magnitude lies less than 4. The earthquake causes no damage, the350

infrastructure can easily resist the destructive effects.351

4. Methodology352

Our study focuses on developing an effective method for determining earthquake vulnerability by utilizing the capabil-353

ity of ANN and ML algorithms. To do this, we acquired and processed data from the USGS spanning eight years (January354

2015- February 2023). Latitude, longitude, earthquake magnitude (mag), depth (depth), gap (gap), minimum distance,355

root mean square (rms), depth error (depthError), magnitude error (magError), magnitude stations (magNst), magnitude356

types (magType-n), and location source (locationSource-n) are some of the important parameters included in the data357
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Figure 7: Correlation Plot
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Figure 8: Correlation Matrix

that could have a direct impact on seismic mapping and earthquake magnitude prediction.358

359

To ensure the quality and reliability of our results, we cleaned and filled in missing values in the raw data. We360

trained and examined three ANN and seven ML models using the cleaned data to determine the best technique for our361

investigation. We separated the dataset into two portions to train our models: a training set (85%) and a testing set362

(15%) for ML algorithms and simultaneously we separated the dataset into two portions to train our models: a training363

set (75%) and a testing set (25%) for ANN algorithms. The training set is then utilized in training our models on the364

link between various input parameters and earthquake risk. The models were then tested using the testing set, and their365

performance was evaluated using a variety of criteria. Our models are built with both continuous and discrete-valued366

parameters in mind, which are utilized to establish the weights and biases for all regression models. This method guaran-367

tees that our models can handle complicated interactions between input parameters and earthquake magnitude prediction.368

369

We added an additional evaluation layer of a case study after performing all of this traditional analysis. We have370

obtained and analysed data from the USGS in the case study scenario, which spans over one month (01-March-2023371

to 31-March-2023). Same are used in the data. Lastly, we produced seismic maps based on the estimated earthquake372

magnitude. Figure[10] is a flowchart that details the complete procedure, from data collection through model evaluation, to373

give an in-depth understanding of our technique. Our approach has the potential to enhance the evaluation of earthquake374

susceptibility and provide better disaster management solutions.375

4.1. Machine Learning Algorithm376

For the prediction of the earthquake’s ’magnitude,’ we are using the ML regression algorithm. Here we have used seven377

ML models namely XGBoost, Random Forest, Extra Trees, Decision Tree, Bayesian Ridge, CatBoost, LightGBM.378

4.2. Gradient boosting decision trees (GBDTs)379

Gradient-Boosted Decision Trees (GBDT) is a machine learning approach that combines the usage of decision trees380

and gradient boosting to enhance the performance of predictive models. It is a member of the family of ensemble learning381

techniques and includes merging the results of various models to arrive at a final prediction.382
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Figure 9: Earthquake Epicenters with Danger Levels
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Figure 10: Flowchart of Methodology

In GBDT, decision trees are formed in a sequential manner, each one correcting the flaws of the one before it. In order383

for the procedure to function, the data are first fitted to a decision tree, and then further trees are fitted to the residual384

errors of the first tree. The final forecast is formed by adding the predictions from all the trees, with each tree being385

weighted according to how well it can lower the total error of the model.386

4.2.1. eXtreme gradient boosting (XGBoost)387

An enhanced variant of the Gradient Boosting Algorithm is the XGBOOST algorithm. It is well-liked because of its388

strong prediction ability and straightforward implementation method. It creates the tree structure greedily rather than389

completely. It divides level-wise rather than leaf-wise in comparison to LightGBM. Negative gradients are considered in390

gradient boosting in order to optimise the loss function, but in this case Taylor’s expansion is taken into consideration.391

This approach uses weighted quantiles to choose the best node split instead of evaluating every candidate split. Data is392

kept by XGBoost in the CPU’s cache memory. One of XGBoost’s distinguishing qualities is its proficiency in handling393

missing values and feature interactions, which makes it appropriate for use with complicated datasets. In order to avoid394

overfitting, it also enables regularised parameter adjustment. Both the tree booster and the linear booster, XGBoost, take395

sparse input and are built to handle it.396

397

Nguyen et al. (2022) [24] developed ML models for the rapid seismic damage-state evaluation of steel moment frames398

during the post-earthquake period, which is an important and urgent activity. In order to accomplish this, eight ML models399

were investigated, including K-nearest neighbors, naive Bayes, decision trees, random forests (RF), adaptive boosting400

(AdaBoost), extreme gradient boosting (XGBoost), light gradient boosting, and category boosting. The performance of401

the XGBoost model (97%) was the best of the four boosting techniques taken into account.402
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4.2.2. Light gradient boosting machine (LightGBM)403

The Light Gradient Boosting Machine (LightGBM) is a gradient boosting architecture that accelerates training and404

uses less memory by employing a cutting-edge method called Gradient-based One-Side Sampling (GOSS). It was created405

by Microsoft with the goal of being effective and scalable for big data. LightGBM builds decision trees into the model406

iteratively, with each new tree trained to rectify the mistakes caused by the prior trees. It calculates the decision trees’407

splitting points using a gradient-based algorithm, which can dramatically speed up computation compared to more con-408

ventional techniques. During the training phase, the GOSS technique employed by LightGBM involves choosing sampling409

the examples with greater gradients, which lowers the number of instances that must be processed and may increase410

the model’s accuracy. It also employs histogram-based methods to boost productivity and further decrease memory use.411

LightGBM improves the gradient boosting technique by incorporating an autonomous feature selection component and412

concentrating on cases with larger gradients. As a result, training may go much more quickly and predictability can be413

enhanced. For massive datasets, LightGBM is renowned for its quick training times and great accuracy. To speed up414

training even more, it supports parallel and GPU processing.415

416

Due to the inapplicability of currently available locally applicable earthquake attenuation equations and the inapplica-417

bility of approaches based on observation data in areas without access to observation data, Chen et al. (2021) [6] presented418

a prediction model known as a light gradient boosting machine with a selection of features to address those problems419

and also to increase the accuracy of ground motion parameters. Based on a light gradient boosting machine (LightGBM)420

developed with historical strong motion data from the NGA-west2 database, it can quickly duplicate the distribution of421

strong motion close to the epicenter following an earthquake. A mine fire has the potential to quickly poison the mine’s422

air, which could lead to the loss of life and, in some circumstances, the cessation of mining sector operations. In order to423

reduce the number of fatalities and material losses during the building of deep underground engineering projects, Kamran424

et al. (2023) [17] explored some intriguing elements of mine fire data utilizing Catboost and LightGBM methodologies.The425

results show that LightGBM algorithms outperformed Catboost in terms of performance, with accuracy levels of 92% and426

89%, respectively.427

4.2.3. Categorical boosting (CatBoost)428

Categorical Boosting (CatBoost) is a framework for gradient boosting that is made to handle categorical variables in429

data more efficiently. It was created by Yandex and is intended to be simple to use and extremely accurate. Similar to430

other gradient boosting systems, CatBoost incorporates decision trees into the model iteratively to remedy mistakes made431

by earlier trees. But, it has a few improvements that make it especially useful for categorical data. To make it simpler to432

locate the ideal splitting points, it employs an algorithm called Ordered Boosting that sorts the category characteristics433

prior to training the trees. L1 and L2 regularisation, as well as a cutting-edge method for handling missing data val-434

ues, are additional approaches included in CatBoost that help to decrease overfitting and increase the model’s accuracy.435

CatBoost’s capability to handle huge datasets with mixed data types is one of its important characteristics. Also, it is436

extremely scalable and can be used with either a single machine or a distributed computing cluster.437

438

Recent earthquakes have been extensively reported to have liquefaction-induced lateral spreading that has caused439

terrible harm to lifelines and structures. In order to forecast the occurrence of liquefaction-induced lateral spreading,440

Demir et al. (2023) [9] designed ML models based on XGBoost, CatBoost, and LightGBM with 6704 lateral movement441
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records during Christchurch earthquake in New Zealand, which occurred in 2011. Performance measurements showed that442

PSO-CatBoost performed better than other suggested models, demonstrating its efficacy.443

4.3. Random Forest Regression Algorithm444

Random Forest Regression is an ensemble learning technique for regression problems that integrates numerous decision445

trees to produce a more precise and accurate model. In Random Forest Regression, a number of decision trees are trained446

using random feature subsets on various subsets of the training data. Based on some of the input characteristics, each447

decision tree is trained to predict the output variable. The average forecast made by each individual decision tree makes448

up the random forest’s ultimate prediction. It can handle relations between input and output variables that are not linear.449

4.4. Decision Tree Regression Algorithm450

Decision Tree Regression is a supervised learning algorithm. By recursively splitting the input data into smaller subsets451

based on the values of the input parameters, it generates a model that resembles a tree with the aim of minimising the452

variance of the target variable in each subset. The method terminates splitting when a minimum quantity of samples or a453

maximum tree depth, is satisfied. The method iterates through the tree from the root node to a leaf node to anticipate a454

new input by comparing the input feature values to threshold values at each node. The target variable’s mean or median455

value for the training samples that have reached the leaf node is the prediction.456

4.5. Extra Trees Regression Algorithm457

Extra Trees Regression (or Extremely Randomized Trees Regression) is a supervised learning algorithm similar to458

Random Forest Regression. It is also a kind of ensemble learning technique that brings together many decision trees to459

generate a model that is more precise and reliable. Extra Trees Regression establishes the splitting point at random from460

the range of values for each feature, contrasting Random Forest Regression, which determines the splitting point for each461

node based on the best split among a random group of features. This unpredictability adds more variation to the decision462

trees, which can help them be more accurate and more generalised.463

4.6. Bayesian Ridge Regression Algorithm464

Bayesian Ridge Regression is a type of linear regression algorithm. The model parameters are computed through465

Bayesian inference using this probabilistic method for linear regression. To obtain a posterior distribution, it takes a466

prior distribution over the parameters and updates it on the basis of the observed data. For generating predictions and467

determining the degree of confidence in those forecasts, this posterior distribution encapsulates the uncertainty in the468

estimations of the model parameters.469

4.7. Artificial Neural Networks (ANN)470

ANN is a type of machine-learning algorithm that is inspired by the structure and operation of the human brain.471

The fundamental goal of an artificial neural network is to mimic how the brain processes information by constructing472

a network of interconnected artificial neurons. An artificial neuron is a mathematical function that takes inputs, weighs473

them according to a set of criteria, adds a bias term, and then uses an activation function to produce an output. The474

following neuron in the network processes the output of the preceding neuron. The training technique modifies the weights475

and biasing of each neuron using a set of input(Features)-output(Labels) pairings.476

477
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Using the ANN technique, Sreejaya et al. (2021) [33] generated a prediction framework for ground-movement intensity478

measures for active shallow crustal earthquakes in India. The model was composed of 659 ground motion records gathered479

from 138 earthquakes recorded by different seismic networks with the aim of seismic hazard analysis. Pandit et al. (2021)480

[27] investigated the efficacy of the ANN and ANFIS in predicting earthquake magnitude using 47 earthquake data sets481

gathered from 1906 to 2019 in the United States. The outcome demonstrated that ANN is superior to ANFIS in terms482

of earthquake magnitude prediction. The third-largest contributor to the social losses brought on by an earthquake is483

thought to be landslides that are generated by the earthquake [23] The Newmark sliding displacement method-based484

regional seismic landslide hazard assessment is utilized in this case to determine the slopes that are most susceptible to485

a future seismic event. In the work of Nayek et al. (2022) [23], ANN-based prediction models for Newmark’s sliding486

displacement were constructed.487

488

As reflected in Figure[11], we built a simple ANN model with four layers: an input layer with three neurons, a first489

hidden layer with four neurons, a second hidden layer with two neurons, and an output layer with one neuron. In addition490

to the structural aspect, there are other aspects that have an impact on ANN performance:491

4.7.1. Optimizers492

During the training phase, cost or loss functions are minimised using optimisation techniques. Numerous optimisation493

techniques, including Stochastic Gradient Descent (SGD), Adam, Adagrad, RMSprop, etc., can be employed. To reduce494

loss or mistakes, such methods alter the neural network’s weights during training.495

4.7.2. Matrics496

Metrics are used to evaluate the neural network’s performance during both training and testing. Accuracy, precision,497

recall, F1 score, and mean squared error (MSE) are the most popular measures. These metrics enable evaluating how498

effectively a neural network performs a certain dataset.499

4.7.3. Loss500

The loss function, which is a function in mathematics, is utilized to calculate the difference between the neural network’s501

predicted output and its actual output. The optimisation method modifies the weights of the neural network to reduce502

the amount of error between the expected and actual outputs based on the loss function, which is an essential part of503

the neural network. Mean square error (MSE), cross-entropy loss, and binary cross-entropy loss are a few examples of504

frequent loss functions.505

4.8. Experimental Setup506

All data and code implementations have been performed on a computer running macOS and equipped with an apple507

M1 chip, 8GB of unified memory, an 8-core CPU, a 7-core GPU, and a 16-core neural engine. Together with the Jupyter508

notebook, we are using Python 3.8.8 as our implementation language.509

5. Results510

5.1. Machine Learning Algorithm511

In table[6], we got the variable importance matrix of a machine learning algorithm which measures how much each512

input variable contributes to the model’s accuracy or performance. It is used to discover which features are the most513
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Figure 11: Sample Neural Network

pertinent in generating predictions.514

Table 6: Variable Importance for ML algorithms:

Variable Relative Importance Scaled Importance Percentage

magType 6106.4887695 1.0 0.2513940

magError 4787.5654297 0.7840128 0.1970962

Gap(gap) 4109.9545898 0.6730471 0.1692000

dmin 1569.2197266 0.2569758 0.0646022

latitude 1375.4831543 0.2252494 0.0566264

horizontal Error 1158.5717773 0.1897280 0.0476965

rms 1054.0560303 0.1726125 0.0433937

depth 729.2401123 0.1194205 0.0300216

longitude 621.0110474 0.10169698 0.0255660

depth error 472.6737061 0.0774052 0.0194592

locationSource 0.0490488 0.0000080 0.0000020

5.1.1. XGBoost Model515

The prediction performance of Extreme Gradient Boosting can be visualized in Figure[12] where the orange line516

represents the predicted values and the blue line represents the actual values. Quantitative evaluation of the model can517

be obtained from Table[7], which reports the following metrics: MAE of 0.2776, MSE of 0.1753, RMSE of 0.4018, R2 of518

-0.0923, RMSLE of 0.0629, MAPE of 0.0541, and TT of 0.1450 s. The accuracy of the model can also be assessed by519

examining Figure[13], where a higher number of data points lying along the x=y curve indicates better performance.520
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Figure 12: XGBoost Model Preciction

Figure 13: XGBoost model Performence
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5.1.2. CatBoost Model521

The effectiveness of the Category Gradient Boosting model can be evaluated by comparing its predicted values, shown522

in orange in Figure[14], to the actual values, shown in blue. The model’s performance metrics are summarized in Table[7],523

which reports an MAE of 0.2325, MSE of 0.1308, RMSE of 0.3483, R2 of 0.1775, RMSLE of 0.0544, MAPE of 0.0449,524

and TT of 1.0310 s. Figure[15] illustrates the model’s accuracy, with a higher concentration of data points lying along the525

x=y curve indicating greater accuracy.526

Figure 14: CatBoost Model Preciction

Figure 15: CatBoost Model Performance

5.1.3. Random Forest Model527

The performance of the Random Forest regression model can be observed in Figure[16], where the predicted values528

are represented by the orange line and the actual values by the blue line. The model’s evaluation metrics can be obtained529

from Table[7], which shows an MAE of 0.2493, MSE of 0.1405, RMSE of 0.3539, R2 of 0.1803, RMSLE of 0.0553, MAPE530

of 0.0486, and TT of 0.1880 s. The model’s accuracy can also be assessed by examining Figure[16], where a higher number531

of data points lying along the x=y curve indicates better performance.532
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Figure 16: Random Forest Model prediction

Figure 17: Random Forest Model Performance
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5.1.4. Extra Trees Model533

The Extra Trees regression model’s prediction performance can be observed in Figure [18], where the orange line534

represents the predicted values and the blue line represents the actual values. The model’s evaluation metrics can be535

obtained from Table [7], which shows an MAE of 0.2252, MSE of 0.1264, RMSE of 0.3365, R2 of 0.1681, RMSLE of536

0.0520, MAPE of 0.0434, and TT of 0.1750 s. The accuracy of the model can also be assessed by examining Figure [19],537

where a higher number of data points lying along the x=y curve indicates better performance.538

Figure 18: Extra Trees Model Prediction

Figure 19: Extra Trees Model Performance

5.1.5. Decision Tree Model539

The Decision Tree regression model’s prediction performance can be observed in Figure [22], where the orange line540

represents the predicted values and the blue line represents the actual values. The model’s evaluation metrics can be541

obtained from Table [7], which shows an MAE of 0.3537, MSE of 0.3460, RMSE of 0.5350, R2 of -1.1420, RMSLE of542

0.0815, MAPE of 0.0693, and TT of 0.0210 s. The accuracy of the model can also be assessed by examining Figure [23],543

where a higher number of data points lying along the x=y curve indicates better performance.544
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Figure 20: Decision Tree Model Prediction

Figure 21: Decision Tree Model Performance
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5.1.6. LGBM Model545

The Light Gradient Boosting (LGBM) model’s prediction performance can be observed in Figure [22], where the orange546

line represents the predicted values and the blue line represents the actual values. The model’s evaluation metrics can547

be obtained from Table [7], which shows an MAE of 0.2466, MSE of 0.1343, RMSE of 0.3513, R2 of 0.1491, RMSLE of548

0.0555, MAPE of 0.0483, and TT of 0.1330 s. The accuracy of the model can also be assessed by examining Figure [23],549

where a higher number of data points lying along the x=y curve indicates better performance.550

Figure 22: LGBM Model Prediction

Figure 23: LGBM Model Performance

5.1.7. Bayesian Ridge Model551

The prediction made by the Bayesian Ridge regression model is visualized in Figure [24] with the predicted values552

plotted in orange and the actual values shown in blue. The evaluation metrics for the model, as shown in Table [7], include553

an MAE of 0.2367, MSE of 0.1461, RMSE of 0.3607, R2 of 0.2096, RMSLE of 0.0559, MAPE of 0.0458, and a TT of554

0.0230 s.555

The model’s accuracy can also be assessed by observing the scatter plot in Figure [25], where the ideal scenario would556

be to have most of the data points lying along the x=y line. Therefore, a larger number of data points closer to the line557

indicates better performance of the model.558
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Figure 24: Bayesian Ridge Model Prediction

Figure 25: Bayesian Ridge Model Performance

Table 7: Machine Learning Models Result

Model MAE MSE RMSE R2 RMSLE MAPE TT (Seconds)

Extra Trees Regressor 0.2252 0.1264 0.3365 0.1681 0.0520 0.0434 0.1750

CatBoost Regressor 0.2325 0.1308 0.3483 0.1775 0.0544 0.0449 1.0310

Light Gradient Boosting 0.2466 0.1343 0.3513 0.1491 0.0555 0.0483 0.1330

Random Forest Regressor 0.2493 0.1405 0.3539 0.1803 0.0553 0.0486 0.1880

Bayesian Ridge 0.2367 0.1461 0.3607 0.2096 0.0559 0.0458 0.0230

(XGBoost) Extreme Gradient Boosting 0.2776 0.1753 0.4018 -0.0923 0.0629 0.0541 0.1450

Decision Tree Regressor 0.3537 0.3460 0.5350 -1.1420 0.0815 0.0693 0.0210
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Table[8,9] lists the details of the ML model that we employed in our research, with its default parameters to the best559

parameters that we have used.560

Table 8: Parameter Settings for ML Models

Model Parameters Best parameters

DecisionTreeRegressor criterion = ’squared-error’,

splitter = ’best’,

max-depth = None,

min-samples-split = 2,

min-samples-leaf = 1,

random state=None

criterion = ’squared-error’,

splitter = ’best’,

max depth = None,

min samples split = 2,

min samples leaf = 1,

random state = 42.

RandomForestRegressor n estimators = 100,

criterion = ’squared-error’,

max depth = None,

min samples split = 2,

min samples leaf = 1,

max features = ’auto’,

bootstrap = True,

oob score = False,

n jobs = None,

random state = None,

verbose = 0,

warm start = False

n estimators = 11,

criterion=’squared-error’,

max depth = None,

min samples split = 2,

min samples leaf = 1,

max features = ’auto’,

bootstrap = True,

oob score = False,

n jobs = None,

random state = 42,

verbose = 0,

warm start=False.

XGBoost objective = None,

n estimators = 1000,

seed = None

objective = ’reg:linear’,

n estimators = 12,

seed = 42

5.2. Artificial Neural Networks (ANN)561

ANNs are a subset of sophisticated machine learning algorithms made up of numerous layers of interconnected neurons562

that cooperate to carry out intricate calculations. We illustrate a small NN in Figure [26] as an example. As illustrated563

in Figure [27], we created three different neural network topologies for our investigation, each with five layers. Twelve564

neurons are present in the dense input layer, which is the top layer. Each neuron receives a single parameter (features)565

from the dataset. The next layer is a Dense layer with 32 neurons, which are extensively connected with the neurons566

from the input layer. We use the ’relu’ activation function in this layer to introduce non-linearity in the network. The567

subsequent layer is another Dense layer with 16 neurons, which are extensively connected with the previous layer neurons.568

Again, we use the ’relu’ activation function to introduce non-linearity. The third layer is another Dense layer with 8569

neurons, which are extensively connected with the previous layer neurons. We use ’relu’ as the activation function. The570

fourth layer is a Dense layer with 4 neurons, which are extensively connected with the previous layer neurons. We use571
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Table 9: Parameter Settings for ML Models

Model Parameters Best parameters

LGBM boosting type: str = ’gbdt’,

num leaves: int = 31,

max depth: int = -1,

learning rate: float = 0.1,

n estimators: int = 100,

subsample for bin: int = 200000,

objective: Union[str, Callable, None-

Type] = None,

class weight: Union[Dict, str, None-

Type] = None,

min split gain: float = 0.0,

min child weight: float = 0.001,

min child samples: int = 20,

subsample: float = 1.0,

subsample freq: int = 0,

colsample bytree: float = 1.0,

reg alpha: float = 0.0,

reg lambda: float = 0.0,

random state: Union [int,

numpy.random.mtrand.RandomState,

NoneType] = None,

n jobs: int = -1,

silent: Union[bool, str] = ’warn’,

importance type: str = ’split’

boosting type: str = ’gbdt’,

num leaves: int = 31,

max depth: int = -1,

learning rate: float = 0.3,

n estimators: int = 11,

subsample for bin: int = 200000,

objective: Union[str, Callable, None-

Type] = None,

class weight: Union[Dict, str, None-

Type] = None,

min split gain: float = 0.0,

min child weight: float = 0.001,

min child samples: int = 20,

subsample: float = 1.0,

subsample freq: int = 0,

colsample bytree: float = 1.0,

reg alpha: float = 0.0,

reg lambda: float = 0.0,

random state: 42,

n jobs: int = -1,

silent: Union[bool, str] = ’warn’,

importance type: str = ’split’

CatBoost iterations=None,

learning rate=None,

loss function=’RMSE’

iterations=1000,

learning rate=0.031996,

loss function=’RMSE’(0.387631)
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’relu’ as the activation function in this layer as well. Finally, the output layer is a Dense layer with 1 neuron, which572

is extensively connected with the previous layer neurons. The output layer provides the final result of the computation573

performed by the neural network. The optimizer used in each of the three neural network models we developed is different.574

575

Figure 26: Neural Network

5.3. ANN-1576

The neural network architecture for ANN-1 is the same as that in Figure [27]. After defining all five layers of the577

neural network, we constructed it using the ’RMSprop’ optimizer, ’Mean Absolute Error’ as the loss function, and ’Mean578

Squared Error’ as the evaluation metric. Our neural network architecture and optimizer are in place, and we are prepared579

to train the model and make predictions.580
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Figure 27: Neural Network Layers for ANN Models

5.3.1. Evaluation of ANN-1581

We trained ANN-1 using 100 iterations and monitored the loss function (MAE) and evaluation metric (MSE) with582

each iteration. Figure [28] shows the trend of MAE and MSE over the 100 iterations. After 100 iterations, we achieved a583

loss (MAE) of 0.02880, MSE of 0.00183, RMSE of 0.02918, R2 of 0.99999, MAE of 0.02918, and NRMSLE of 0.07120. The584

fact that our ANN-1 model’s loss (MAE) and MSE for both training and validation are nearly identical suggests that it is585

not overfitting or underfitting the data points. Thus, we may conclude that ANN-1 performs very well with the provided586

data.587

In Figure [29], we can see the performance of the ANN-1 model for the given data. According to the investigations,588

the more points that lie along the x=y (red line), the more accurate the model is (in Figure [29]). Figure [30] displays the589

error function profile (Predicted value vs Actual value) for ANN-3. This graph is useful in determining the profile of the590

error function.591

Figure 28: Loss function vs iterations for ANN-1
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Figure 29: Performance of ANN-1 Model

Figure 30: Error(Predicted Value - True Value) for ANN-1 Model
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5.4. ANN-2592

We employed the same neural network architecture for ANN-2 as in Figure [27]. Using the ”Adam” optimizer, ”Mean593

Absolute Error” as the loss function, and ”Mean Squared Error” as the evaluation metric, we constructed the neural594

network after specifying each of its five layers. Our ANN-2 model is now prepared for prediction and training.595

5.4.1. Evaluation of ANN-2596

For the training of ANN-2, we used 100 iterations. The graph in Figure [31] shows the trend of the loss function597

(MAE) and metrics (MSE) with each iteration. At the end of training, we achieved a loss (MAE) of 0.02596 and metrics598

(MSE) of 0.01284. Additionally, we obtained MSE = 0.01369, RMSE = 0.02659, R2 = 0.99999, MAE = 0.02659, and599

NRMSLE = 0.05619.600

The loss (MAE) and ’MSE’ values for both training and validation are almost equal, indicating that the model is601

not underfitting or overfitting the data points. Therefore, ANN-2 is showing good performance. Figure [32] displays602

the performance of the ANN-2 model for the given data. The more points that lie along the x=y line (red line), the603

more accurate the model. Note that the values in the graph are not scaled. Figure [33] shows the error function profile604

(predicted value - actual value) of the ANN-2 model. We can see that there is a uniform distribution with a precision of605

0.01, indicating that the model’s predictions are accurate. Figure [33] displays the error function profile (Predicted value606

- Actual value) for ANN-3. This graph is useful in determining the profile of the error function.607

Figure 31: Loss function vs iterations for ANN-2

5.5. ANN-3608

For ANN-3, we used the same neural network architecture as shown in Figure [27]. After defining all five layers of the609

neural network, we compiled it using the ’SGD’ optimizer, ’Mean Absolute Error’ as the loss function, and ’Mean Squared610

Error’ as the evaluation metric. Our ANN-3 model is now ready for training and prediction.611

5.5.1. Evaluation of ANN-3612

To train ANN-3, you have used 100 iterations, and the resulting loss (MAE) and metrics (MSE) values for both the613

training and validation sets are shown in Figure [34]. At the end of 100 iterations, the final loss (MAE) value is 0.17620,614

and the final metrics (MSE) value is 0.12055. Additionally, the RMSE, R2, MAE, and NRMSLE values are 0.18148,615

36



Figure 32: Performance of ANN-2 Model

Figure 33: Error(Predicted Value - True Value) for ANN-2 Model
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0.99999, 0.18148, and 0.44657, respectively. These results indicate that ANN-3 is performing well on the given dataset, as616

the loss and metrics values for both the training and validation sets are similar, suggesting that the model is not overfitting617

or underfitting the data.618

Figure [35] shows the performance of the ANN-3 model on the given data, where the more points lie along the x=y619

(red line), the more accurate the model. It is important to note that the values in the graph [35] are not scaled. Overall,620

the results suggest that ANN-3 is a good model for the given dataset and can be used for further analysis or decision-621

making. Figure [36] displays the error function profile (Predicted value - Actual value) for ANN-3. This graph is useful622

in determining the profile of the error function.623

Figure 34: Loss function vs iterations for ANN-3

Figure 35: Performance of ANN-3 Model

5.6. Mapping624

An earthquake’s magnitude is a measurement of the energy released during the occurrence. The Richter scale or the625

”moment magnitude scale” is typically used to express it. While the moment magnitude scale considers the area of the626
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Figure 36: Error(Predicted Value - True Value) for ANN-3 Model

Table 10: Artificial Neural Network Models Result

ANN Model Optimizer loss = MAE matrics = MSE MSE RMSE R2 MAE NRMSLE

ANN-1 RMSprop 0.02880 0.00183 0.00188 0.02918 0.99999 0.02918 0.07120

ANN-2 Adam 0.02596 0.01284 0.01369 0.02659 0.99999 0.02659 0.05619

ANN-3 SGD 0.17620 0.12055 0.14055 0.18148 0.99999 0.18148 0.44657
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Figure 37

Figure 38
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ruptured fault as well as the amount of slip and the strength of the rock that broke during the earthquake, the Richter627

scale is a logarithmic scale that assigns a single number to quantify the seismic energy released by an earthquake. Based628

on geological information, past earthquake activity, and other pertinent characteristics, seismic maps are used to pinpoint629

regions at high risk of earthquakes. The severity levels used in the mapping of earthquake hazards normally vary from630

1 (extremely low) to 10 (extremely high). The magnitude of the earthquake, the distance from the epicentre, the depth631

of the earthquake, the local geology and topography, and the vulnerability of the built environment and population are632

some of the elements used to determine the severity levels. In order to create maps with high precision and adaptability,633

cartography, a Python library, has been used. Apart from that, we interpolated seismic epicentres using the Scipy Python634

programme. The interpolation tool allows method = cubic, which is responsible for all of the contouring structures on the635

map.636

637

The visual representation based on the magnitude of the earthquake is shown in Figure [39]. The levels of severity used638

in the mapping operated from 4 (mild and innocuous) to 8 (dangerous and destructive). The most damaging earthquakes639

have occurred in the areas highlighted in dark red. The majority of these areas are located along the East Anatolian Fault640

and extend up to the junction of the East Anatolian Fault and the North Anatolian Fault. The East Anatolian Fault is641

a major fault system in Turkey that runs from the Armenian border in the east to the Aegean Sea in the west. The fault642

is a result of the collision between the Arabian and Eurasian plates, which has been ongoing for millions of years. The643

fault is capable of producing large and damaging earthquakes, as evidenced by the historical record. The North Anatolian644

Fault is another major fault system in Turkey that runs parallel to the East Anatolian Fault, but further to the north.645

The fault is also capable of producing large and damaging earthquakes, and has been responsible for several catastrophic646

earthquakes in the past.647

648

On the earthquake magnitude map, the areas highlighted in dark red represent the locations of the most damaging649

earthquakes. These areas are frequently characterised by strong strain accumulation along the fault zones and high levels650

of seismic activity. As a result of the interaction between the tectonic forces causing the faulting and the local geology651

and terrain, powerful and destructive earthquakes frequently occur in these areas. It’s critical to take into account both652

the earthquake’s magnitude and the level of risk it poses to infrastructure and humans when determining where to place653

earthquake hazards. A number of variables, including the distance from the epicenter, the strength of the ground shaking,654

and the vulnerability of the built environment to damage, are commonly used to determine the danger zones in earthquake655

hazard mapping. Figure [40] provides a visual representation of the danger zones for earthquakes, which is an expansion656

of Figure [39]. The mapping is based on the levels of severity used in the mapping, which operate from 1 (red danger657

zone) to 4 (low intensity). The red danger zone represents areas where the earthquake poses the greatest risk to life and658

infrastructure, while the green zone represents areas that are safer and less likely to experience significant damage.659

660

In earthquake hazard mapping, the danger zones are typically established based on historical data and scientific analysis.661

The aim is to identify areas that are at higher risk of experiencing strong ground shaking and other earthquake-related662

hazards, such as liquefaction and landslides. By identifying these areas, policymakers, urban planners, and emergency663

managers can take steps to mitigate the potential impact of earthquakes on people and infrastructure. It is worth noting664

that earthquake hazard mapping is an ongoing process that requires regular updates based on new data and analysis. As665
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our understanding of the seismic hazards and the built environment improves, the danger zones may need to be adjusted666

to reflect the latest information. It is, therefore, essential to maintain a continuous and comprehensive monitoring system667

to keep the hazard maps up-to-date and to inform the decision-making process. Seismic maps can be a valuable resource668

for identifying earthquake-prone regions, and it’s crucial to take the appropriate precautions to make sure that these669

regions have the infrastructure, food supplies, and disaster relief services needed to minimize the potential effects of670

seismic activity.

Figure 39: Earthquake Magnitude mapping

671

6. Case Study672

We used information collected from 01-03-2023 to 31-03-2023 for the case study. The data contains the same latitude,673

longitude, earthquake magnitude (mag), depth (depth), gap (gap), minimum distance, root mean square (rms), horizontal674

error (horizontalError), depth error (depthError), magnitude error (magError), magnitude stations (magNst), magnitude675

types (magType-n), and location source (locationSource-n) parameters that we used to train all three ANN and seven ML676

models. We then analysed the performance of each of the following ML and ANN models before generating a map based677

on the forecasts provided by the models.678

6.1. Machine Learning Models679

The performance of the ML models for the case study data is given in Table [11]. The ML models are performing680

really well on the case study data, which is a great indication that our model is very accurately predicting the magnitude681

of earthquakes and giving valuable data for Seismic mapping. The visualization in Figure[41] illustrates the performance682

of the ML models applied to the case study data. A higher concentration of points along the diagonal x=y line indicates683

better performance of the models. Figure [42] provides a comprehensive display of both actual and predicted earthquake684
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Figure 40: Earthquake danger zone mapping

magnitudes, along with their corresponding dates. This information can aid in the evaluation of the predictive performance685

of earthquake forecasting models.686

687

In Figure[43], we utilized the predicted magnitude data obtained from the case study to create an earthquake magnitude688

map. The original data map is displayed in the first mapping, while the corresponding maps for various ML models are689

also shown. It is noteworthy that XGBoost, CatBoost, and LGBM ML models exhibit exceptional performance in this690

regard.691

Table 11: Machine Learning Models Result for Case Study

Model MSE RMSE R2 MAE

Extra Trees Regressor 0.0957 0.3094 -0.2601 0.2224

CatBoost Regressor 0.0620 0.2491 0.1834 0.1984

Light Gradient Boosting 0.0607 0.2464 0.2010 0.1997

Random Forest Regressor 0.0978 0.3128 -0.2877 0.2127

Bayesian Ridge 0.0957 0.3094 -0.2601 0.2224

(XGBoost) Extreme Gradient Boosting 0.0850 0.2910 -0.1195 0.2055

Decision Tree Regressor 0.1586 0.3983 -1.0877 0.2933
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Figure 41: ML models performance for the Case Study

6.2. Artificial Neural Networks692

The ANN models are performing really well on the case study data, which is a great indication that our models are693

very accurately predicting the magnitude of earthquakes and giving great data for Seismic mapping. The performance of694

the ANN models for the case study data is given in Table [12].695

696

The coefficients of determination (R2) for all of the ANN models are quite high, with values of 0.98012 for ANN-1,697

0.98710 for ANN-2, 0.97847 for ANN-3. A high R2 value indicates that the model is capable of describing an important698

component of the variance in the target variable using the input variables. It means that the model conveys the rela-699

tionships between the variables accurately and is a decent match for the data. Furthermore, we observe that the error700

(MAE, MSE, RMSE) is greater for the case study data than for the training data. However, the prevalence of error is very701

low, demonstrating that the ANN models are performing very well. From Table[12] NRMSE is calculated to be infinity,702

meaning that the predicted data range is zero or close to zero. In this case, the denominator of the NRMSE equation703

becomes very small or approaches zero, causing the NRMSE value to become infinitely large. This can happen when the704

predicted data has no variability or is constant, and the model attempts to predict different values for it.705
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Table 12: Artificial Neural Network Models Result for Case Study Data

ANN Model Optimizer MSE RMSE R2 MAE NRMSLE

ANN-1 RMSprop 0.41930 0.46178 0.98012 0.46178 infinite

ANN-2 Adam 0.48860 0.52882 0.98710 0.52882 infinite

ANN-3 SGD 0.83792 0.64974 0.97847 0.64974 infinite

7. Overall Analysis and Advantages of our Framework with various suggestions706

In this research, we addressed several AI approaches, such as machine learning, deep learning, and neural networks,707

that could potentially be utilized to improve and make the process for seismic hazard maps and predicting earthquake’s708

magnitude efficient. We have included an in-depth discussion of each technique, including its benefits and drawbacks,709

and emphasized recent study initiatives that have successfully applied these techniques to seismic hazard mapping and710

making predictions. AI techniques that we have used in this paper could be helpful to government authorities and disaster711

coordinators to reach more informed choices about disaster preparation and response through the generation of more712

accurate seismic hazard maps. For example, they can assist in identifying areas at higher risk of earthquakes, allowing713

precautions such as more durable infrastructure and escape planning to be put into effect, which can save lives and reduce714

damage in the event of an earthquake. They can also help provide the necessary disaster relief facilities and resources that715

are readily available within the crucial time window.716

717

This paper presents the development and execution of three ANN models and seven ML models. These models were718

extensively compared in our study. The input variables which were used in the study are categorized into continuous719

and discrete variables. The class of continuous variables contains latitude, longitude, Earthquake’s magnitude(mag),720

Depth(depth), Gap(gap), Minimum Distance, Root mean Square(rms), Horizontal Error (horizontalError), Depth Er-721

ror(depthError), Magnitude Error(magError), Magnitude Stations (magNst). Now, the class of discrete variables contains722

Magnitude Types (magType-n), and Location Source (locationSource-n).723

724

The investigations of the seismic mapping and Earthquake’s magnitude predictions by the ANN and ML models, and725

the relative significances of the input variables on the response prediction yield the following conclusions:726

1. Artificial Intelligence (AI) algorithms are able to analyze vast amounts of data very quickly and efficiently, enabling727

them to identify patterns and connections that human analysts could have overlooked. This can result in more precise728

and reliable seismic hazard maps, reducing the probability of earthquake-related tragic events. In accordance with our729

findings, ANNs outperform typical ML algorithms by a wide margin. The ANN-2 model with the ’Adam’ optimizer is the730

best model for Earthquake magnitude prediction since it is the most accurate and effective fast.731

732

2. The developed ANN and ML models are capable of reliably estimating seismic mapping and Earthquake magnitude733

prediction. The coefficients of determination (R2) in the maximum for the entire ANN models with each having value of734

0.999 for the complete data set and having values of 0.98012 for ANN-1, 0.98710 for ANN-2, and 0.97847 for ANN-3. A735

high R2 score value indicates that the model is able to explain a large portion of the variance in the target variable based736

on the input variables. This is generally considered to be a good sign, as it suggests that the model is able to capture the737
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underlying relationships between the input and output variables.738

739

3. The error function for all the ANN models is very low. Hence, A low value of MAE, MSE, RMSE, NRMSE indicates740

that the model’s predictions are close to the actual values of the target variable. In other words, a low error value suggests741

that the model is performing well and is able to accurately predict the target variable based on the input variables. But742

in our case study, we get an interesting result of having NRMSE infinite. Which indicates that the predicted data range743

is zero or close to zero. In this case, the denominator of the NRMSE equation becomes very small or approaches zero,744

causing the NRMSE value to become infinitely large. This can happen when the predicted data has no variability or is745

constant, and the model attempts to predict different values for it.746

747

4. Based on the results shown in Figures [37, 38], we can see that the error values (MSE, MAE, RMSE) for both748

the training and case study data are similar, with the case study data sometimes even showing lower errors. To clarify,749

the plot shows how a model performs on both training and case study data. The error values reflect how well the model750

predictions corresponded to the actual values, with smaller values showing superior performance. According to the Figures751

[37, 38], the model works well on both datasets, with error values that are near each other.752

753

5. Furthermore, in some instances, the error values for case study data are smaller than those for training data. This754

demonstrates that the model can generalize well to new data that it has not been taught on, which is a desirable trait755

for any forecasting model. Overall, the findings show that the model is working well and may be helpful in practical756

applications. The coefficients of determination (R2) for all of the ML models, on the other hand, are quite low, with757

values of -0.2601 for ET, 0.1834 for CatBoost, 0.2010 for LGBM, -0.2877 for RF, -0.2601 for BR, -0.1195 for XGBoost,758

and 1.0877 for DT. A poor R2 score indicates that the model is unable to clarify an important portion of the variance in the759

target variable using the input variables. It means the model is not correctly capturing the relationships between variables.760

761

6. The seismic maps we obtain allow us to identify specific areas with a high risk of earthquakes. It is crucial that762

these red zone areas are equipped with adequate disaster relief facilities, ample food resources, and strong infrastructure to763

ensure the safety and well-being of the local population during a potential earthquake. When an area is designated as a red764

zone, it indicates that a seismic event is more likely to occur in that location. It is crucial to have the proper disaster relief765

infrastructure and resources close at hand in these places in order to lessen the possible effects of earthquakes. This entails766

having prepared personnel, medical equipment, and emergency shelters ready to act swiftly and effectively in the case of767

an earthquake. Additionally, keeping an abundance of food supplies is crucial after an earthquake because access to food768

and clean water may be restricted or eliminated. It is critical to ensure that these places have enough food and other basic769

supplies to maintain the local people until outside relief arrives. And finally, strong infrastructure is necessary to survive770

an earthquake’s effects. This includes structures like bridges, buildings, and other essential infrastructure constructed771

to resist earthquakes. To guarantee that a region is adequately prepared for the possible impact of an earthquake, it is772

critical to invest in the infrastructure upgrades required.773
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8. Conclusions774

In this work, AI methods and GIS are used to predict earthquakes and produce seismic hazard maps. This work775

focuses on the earlier geological information using the ML and ANN technique, and the case study includes the center776

and southern areas of Turkey. With the determination of expected locations, greater focus is placed on design, seismic777

restoration, and evaluating the dependability of the existing structures in these places. No specific method has yet been778

approved for figuring out the specifics of forthcoming earthquakes.779

1. Our findings indicate that ANNs outperform traditional machine learning algorithms significantly. The ANN-2780

model, optimized with the ’Adam’ algorithm, is the most accurate and efficient model for predicting earthquake magni-781

tudes.782

2. The developed ANN and ML models are reliable in estimating seismic mapping and predicting earthquake magni-783

tudes. The ANN models have a maximum coefficient of determination (R2) of 0.999 for the complete dataset, with values784

of 0.98012 for ANN-1, 0.98710 for ANN-2, and 0.97847 for ANN-3. A high R2 score indicates that the model can explain785

a large portion of the variance in the target variable based on the input variables. This suggests that the models can786

capture the underlying relationships between the input and output variables, which is a good sign.787

3. The error function for all ANN models is low, indicating accurate predictions of the target variable based on input788

variables. Low MAE, MSE, RMSE, and NRMSE values suggest good model performance. However, in our case study, we789

found an interesting result of having an infinite NRMSE. This indicates that the predicted data range is close to or zero,790

resulting in a very small denominator in the NRMSE equation, leading to an infinitely large value. This occurs when the791

predicted data has no variability or is constant, and the model attempts to predict different values for it.792

4. One significant observation is the ability to generalize to new data. This is a desirable trait for any forecasting793

model. Overall, the results show that the model is reliable and has potential for usage in real-world scenarios.794

5. Although the ML models are obtaining low MSE, MAE, and RMSE values, the accompanying R2 values are rather795

low, highlighting the limitations of these ML models.796

6. The seismic maps generated through AI analysis can help identify areas with a high risk of earthquakes. When797

these areas are designated as red zones, it is essential to have adequate disaster relief facilities, food resources, and strong798

infrastructure in place to ensure the safety and well-being of the local population during an earthquake. This means799

having trained personnel, medical equipment, and emergency shelters readily available.800

9. Plans for the Future801

In our research, we have complemented seismic mapping with earthquake magnitude prediction to get a more complete802

understanding of the seismic risks in a given area. By combining these two methods, we are able to determine where803

earthquakes are most likely to occur as well as estimate the possible magnitude of such earthquakes, which may help804

with disaster planning and response. We may better identify regions that may be at risk of secondary hazards, such as805

landslides and liquefaction, which may exacerbate the damage caused by earthquakes, by integrating several data sources806

and modeling tools. We can produce more precise danger maps and better guide land-use planning and infrastructure807

development by adding information on soil type, groundwater levels, and other geospatial elements.808

Future studies will concentrate on optimization methods to improve the accuracy of earthquake magnitude estimation809

and seismic mapping in the targeted locations.810
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Figure 42: ML models prediction performance for the Case Study
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Figure 43: ML models Mapping for the Case Study
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