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1 Introduction

This manual serves as a guide to document the technical procedures followed during the
research. It includes details about the tools, environment, and code configurations used
in the study. Additionally, it provides code snippets highlighting specific configurations
relevant to the project. The purpose of this manual is to outline the steps required to
replicate work and explore extensions of the research.

Section 2 outlines the setup of the environment used to execute the project. Section 3
describes the process of data collection in detail. Section 4 highlights the initial analysis,
model implementation, and the results obtained.

2 Environment

The hardware utilized for this project is detailed in Figure 1. It includes an AMD Ryzen
5 5500U processor with Radeon Graphics running at 2.10 GHz, 8.00 GB of installed RAM
(7.33 GB usable), and a 64-bit operating system with an x64-based processor architecture.

System > About

HPpavilion15
HP Pavilion Laptop 15-ehtxxx

@ Device specifications

Device name
Processor
Installed RAM
Device ID
Product ID
System type

Pen and touch  No pen or touch input is available for this

Figure 1: Device specifications

The code was executed using Jupyter Notebook and Python version 3.10.0.



3 Data Collection

The earthquake datasets from Kaggle offer valuable insights into global earthquake activ-
ity. These datasets include various parameters, such as time, location (latitude and
longitude), depth, magnitude, magnitude type, and other relevant details.
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Figure 2: Datasetl
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Figure 3: Dataset2
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Figure 4: Dataset3

4 Model Implementation

Figure 5 shows the libraries imported into the code.

# import necessary libraries

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import numpy as np

import time

from sklearn.preprocessing import LabelEncoder, StandardScaler

from sklearn.model_selection import train_test split
from sklearn.metrics import mean_squared error, r2_score

from sklearn.ensemble import AdaBoostRegressor,RandomForestRegressor, GradientBoostingRegressor
from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.neighbors import KNeighborsRegressor

from sklearn.svm import SVR

from sklearn.naive_bayes import GaussianNB

from sklearn.linear model import Lasso

from sklearn.linear model import ElasticNet

from sklearn.linear model import BayesianRidge

import warnings
warnings.filterwarnings("ignore™)

Figure 5: Imported Libraries



Next we load the dataset and check the information of the dataset like total columns
and rows. Also check the datatypes of the columns

# Load the dataset
datasetl file path = 'earthquakes 2823 global.csv'
datal = pd.read csv(datasetl file path)

datal.info()

<class 'pandas.core.frame.DataFrame’»
RangeIndex: 26642 entries, 8 to 26641
Data columns (total 22 columns):

#  Column Hon-Null Count Dtype
8 time 26642 non-null object
1 latitude 26642 non-null floated
2 longitude 26642 non-null Floatsd
3 depth 26642 non-null +loate4d
4 mag 26642 non-null Floate4d
5 magType 26642 non-null object
6 nst 25227 non-null +floated
7 gap 25225 non-null Floated
& dmin 24776 non-null floated
5  rms 26642 non-null Float6d
18 net 26642 non-null object
11 id 26642 non-null object
12 updated 26642 non-null object
13 place 256834 non-null object
14  type 26642 non-null object
15 horizontalError 25893 non-null floated
16 depthError 26642 non-null Floate4d
17 magError 24978 non-null floatsd
18 maghst 25865 non-null Floate4d
19 status 26642 non-null object
28 locationSource 26642 non-null object
21 magSource 26642 non-null object

dtypes: floats4(12), object(1a)
memory usage: 4.5+ MB

Figure 6: Load the dataset

Figure 7, shows dropping irrelevant columns handling of missing values by filling
empty values by mean/median.



# Drop irrelevant columns
columns_to drop = ["id', 'net', 'updated®, 'magSource', 'locationSource','status’]
data_cleanedl = datal.drop{columns=columns_to_drop)

# Handle missing values
data_cleanedl = data_cleanedl.fillna(data_cleanedl.median{numeric_only=True))

Figure 7: Preprocessing Steps
Figure 8 and 9 shows the detection and removal of outliers

#outliers

outliers columns = ['mag', 'depth', 'gap', 'dmin', 'rms', "horizontalError', ‘'depthError’]

for col in outliers_columns:
# Create a boxplot for the column "Values'
sns.boxplot(y=data_cleanedl[col]}

# Add g title gnd Labels
plt.title(f 'Boxplot for {col} Column")
plt.ylabel{col}

# Show the plot
plt.show()

Figure 8: Outliers Detection

def remove outliers igr(data, columns):
for col in columns:
Q1 = data[col].quantile(8.25)
Q3 = datalcol].quantile(8.75)
IOR =03 - 01
lower bound = Q1 - 1.5 * IQR
upper bound = Q3 + 1.5 * IQR
data = data[(data[col] >= lower bound) & (data[col] <= upper bound)]
return data

# Column=s for outlier removal (choose relevant numerical features)
outlier columns = ["gap', 'dmin"', ‘"rms', "horizontalError', 'depthError®]

# Remove outliers from the training data
data_cleanedl = remove_outliers igr{data_cleanedl, outlier_columns)

Figure 9: Outliers removal

Label encoding is done for categorical columns as a part of feature engineering



# Encode categorical variables

label encoder = LabelEncoder()

data_cleanedl[ 'magType'] = label encoder.fit _transform({data_cleanedl[ 'magType’])
data cleanedl[ 'type'] = label encoder.fit_transform(data_cleanedl| "type’'])

# Update X and y after outlier removal
X1 = data_cleanedl.drop(columns=['mag"', 'time', "place’,'date’])
yl = data_cleanedl[ 'mag’ |

Figure 10: Label Encoding

Split the dataset into train and test subset with 80% of the data for train subset and
20% of the data to test subset.

# Train-test split
X trainl, X testl, y trainl, y testl = train test split(Xl, yl, test size=8.2, random state=42)

# Standardize features

scaler = StandardScaler()

¥_train_scaledl = scaler.fit_transform(X¥_trainl)
X test scaledl = scaler.transform(X testl)

Figure 11: Split the dataset

Define the Machine learning models into a dictionary for iteration

# Define regressors as a dictionary

custom_regressors = |
"LinearRegression”: LinearRegression(),
"RandomForestRegressor”: RandomForestRegressor(random_state=42, n_estimators=16&),
"DecisionTreeRegressor”: DecisionTreeRegressor(random state=42),
"KMeighborsRegressor”: KNeighborsRegressor(n neighbors=5),
"SVR": SVR(kernel="rbf', C=1.8, epsilon=8.1),
"GradientBoostingRegressor”: GradientBoostingRegressor(random_state=42, n_estimators=18@),
"BayesianRidge": BayesianRidge(),
"LassoModel": Lasso(alpha=8.1, random_state=42),
"ElasticMetModel”™: ElasticMet(alpha=8.1, 11 ratio=8.5, random state=42),
"AdaBoostRegressor”: AdaBoostRegressor()

[

Figure 12: machine learning models



# Initialize results storage
resultsl = []

# Loop through regressors
for name, model in custom regressors.items():
start_time = time.time()

# Train the model
model . fit(X_train_scaledl, y_traini)

# Predict on test set
predictions = model.predict(X_test_scaledl)

# Evaluate performance
r2 = r2 score(y_testl, predictions)
mse = mean_squared error(y testl, predictions)

elapsed_time = time.time() - start_time

# Append results
resultsl.append({

"Model™: name,

"mse™: mse,

"R-5quared”: r2,

"Time Taken": elapsed time

i)

# Convert results to DataFrame
results dfl = pd.DataFrame(resultsil)
results_dfl.sort_values(by="R-5quared”, ascending=False, inplace=True)

# Display results
results dfl

Figure 13: Train the models

The results of all the models are compared visually using bar graph.



plt.figure(figsize=(12, &))

sns.barplot(x="Model', y='R-Squared', data-results_df1l, palette='magma')
plt.title( Model Performance’}

plt.xticks(rotation=28)

plt.show()

Model Performance

ow

0.

=]

0.

-]

R-Squared

2
=

0.

P

0.0

SV

RandomForestRegressor
GradientBoostingRegressor
KMeighborsRegressor
DecisionTreeRegressor
AdaBoostRegressor
BayesianRidge
LinearRegression

Model

Figure 14: results Comparision
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