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1 Introduction

The research was implemented using ample of analysis and several experiments which
were concluded on the basis of various try and error attempts.To provide details of each
and every step taken for the execution of the research this configuration manual is created
which contains detail information about each and every steps performed in the research
right from the selection of data to the implementation of models and also knowledge
about the specification of Hardware and software used in the project.

2 Specification of system and Requirements

The specification of the system is divided into two sections Hardware and Software.

2.1 Hardware Specification

Following is the Hardware configuration of the system used for the implementation of the
research project.

Components Specification
Hardware Dell inspiron 15 3000
Processor AMD Ryzen 5 3500U
RAM 16.0GB
System Type 64-bit operating system, x64-hased processor
Graphics Radeon Vega Mobile Gfx

Fig.1.Hardware Specification



2.2 Software Specification

The software used in the system plays a vital role in the execution of the research project
as the type of advance software installed can increase the speed and produce desirable
outputs.

The operating systems has Microsoft Windows 11 and the implementation of program is
carried in Jupyter Notebook 6.4.12 version.Following is the Table showing the libraries
installed and their versions.

Libraries Weaersiom
Pwthor 2.E85.5
Tensorflaow 2._7F.0
Sci—-kit Learm O.249.2
Seaborm O.41 .0
Irmblearn O.s.0
Pandas 1.1.3
s rrm oy 1. 192>
MMM atplatlils .= 2

Fig.2.Software Specifications

3 Data Preparation

The Dataset used in the research was gathered from the opene source online Platform
called ”Kaggle” .Kaggle offers a important and helpful platform for Machine Learning and
Deep Learning projects having multiple sets of Data for research and practice.

Creation of Kaggle account is must for accessing datasets.

1. Click on Sign in and Complete the registration process.

2. On creating the account the required dataset needs to be accessed.

3. Enter the name and this will redirect you to the page shown in Fig.3

4. Download the Data directly from the Kaggle and upload it in Jupyter notebook.

5. The data is then can been loaded in as shown in following Fig. 4.

= J Q  search D
+ create
H
® Hor N Copy & edit notebook
Q@  Competitions H H
Exoplanet exploration using ML D viewversons
f@ Dataset: P N
ython - Exoplanet Hunting in Deep Space, [Private Datasource] B cosy APt comman g
<> Cod |
[& Oopenin Google Notebooks
& Discussions
Notebook ~Data Logs ~Comments (22)
£ Follow comments
& Courses

Run &, Download code
439.0s - GPU

[ Bookmark

<> Embed notebook
Exoplanet exploration using Machine Learning
/A Report Notebook

Fig.3.Data Gathering



In [1]: #installing all required Libraries.
import os
import warnings
import math
import numpy as np
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
from pylab import rcParams
from sklearn.metrics import mean_squared_error, mean_sbsolute_error
from imblearn.over_sampling import SMOTE
from sklearn.model_selection import train_test split
from sklearn import linear model
from sklearn.metrics import recall score, precision_score, classification report,accuracy score,confusion matrix, roc_curve, auc,
from sklearn.preprocessing import StandardScaler, normalize
from scipy import ndimage
from keras.utils import np_utils
from sklearn.metrics import classification_report
from sklearn.metrics import plot_confusion matrix
from keras.utils import np_utils

{ 4

In [2]: #loading the train and test dato

exo_test = pd.read_csv('PlanetTest.csv')
exo_train= pd.read_csv('PlanetTrain.csv')

Fig.4.Importing the libraries and loading the train and test data

4 Experimental Setup

The original Dataset is imbalance in nature. As seen in Fig.5.The Data contains 90%
non-exoplanet and 10% of exoplanet.

Class Distributions
(D- Not Exoplanet || 1: Exoplanet)

5000

3000

ount

2000

LABEL

Fig.5.Imbalanced Dataset




Exploratory Data Analysis

#Plotting the correlation matrix
plt.figure(figsize=(18,18))
sns.heatmap(exo_train.corr())
plt.title( 'Correlation in the data')
plt.show()

Fig.6.Correlation Matrix

#PLlotting gaussian histogram for non-exoplanets.
labels 1=[208,400,608]
for i in labels 1:
plt.figure(figsize=(3,3))
plt.hist(exo train.ileoc[i,:], bins=288)
plt.title("Gaussian Histogram")
plt.xlabel("Flux values™)
plt.show()

Fig.7. Execution of Gaussian Non-exoplanet

#plotting gaussian histogram for exoplanets.
labels 1=[15,32,45]
for i in labels 1:

plt.
plt.
plt.
plt.
plt.

figure(figsize=(3,3))

hist({exo test.iloc[i,:], bins=288a)
title("Gaussian Histogram")
xlabel("Flux wvalues™)

show( )

Fig.8.Execution of Gaussian Exoplanet



#catterplot. Plotting scatterplot for relationship between two columns

sns. scatterplot(datazexo train, x='FLUX.1', y='FLUK.6', hue="LABEL", palettes['d’,'r'])
plt.title('Relation of FLUXL and FLUKE')
plt. shou()

Fig.9.Execution of Scatter plot

#lotting of pairplot for random intensities of 5 colums
orint("Pairplot for randon § Intensities')

ons. pairplot (datazexo train[['LABEL', 'FLUK.1',"FLUX.2', 'FLUK.3', "FLUX.A", 'FLUK.5']], huex'LABEL')
olt. sho()

Fig.10.Execution of Pairplot

#Detecting outliers using boxplot for 3 columns FLUX1, FLUX2, FLux3
fig, axes = plt.subplots(1, 3,figsize=(15, 6), sharey=True)
fig.suptitle('Distribution of FLUX')

sns.boxplot (ax=axes[@], datazexo train, x='LABEL', y='FLUX.1',palette="Set2")
sns.boxplot(ax=zaxes[1], datazexo train, x='LABEL', y='FLUX.2',palette="Set2")
sns.boxplot (ax=axes[2], datazexo train, x='LABEL', y='FLUX.3',palettez"Set2")

Fig.11.Detecting Outliers

Data Normalization and Standardization

#Data Normalization
»_train = normalized = normalize(x_train)
x_test = normalize(x_test)

#standardization of the Data for consistent values.
std_scaler = StandardScaler()

x_train = scaled = std_scaler.fit_transform(x_train)
x_test = std_scaler.fit_transform(x_test)

Fig.12.Data Normalization and Standardization



4.1 Experiment 1

Applying Machine Learning Algorithms for predicting the performance of
the applied model without SMOTE technique.

1.Naive Bayes:

#Noive Bayes hout SMOTE Tech)

from sklearn.naive bayes import GsussianNB
classifier = GaussianNB()
classifier.fit{x_train,y_train}
prediction= closs:fl:r,prcdut\x tc:t)
print( Accuracy of
print (

, accuracy_score(prediction,y_test))
\n", (classification_report(y_test,prediction)))

\nClassificat

plt. Figure(Figsizen(13,1))

plt.subplot(221)

sns.heatmap(confusion matrix(y_test,prediction),annot=True,cmap="viridis",fmt = "d",linecolor="k",linewidths=3)
plt.title("CONFUSION MATRIX",fontsize=20)

#ROC e and Area under the curve plotting

predicting probsbilites = classifier.predict_proba(x_test)[:,1]
fpr, tpr,thresholds = roc_curve(y_test,predicting_probabilites)
plt. subplot(222)
plt.plot(fpr,tpr,label = (“Area eru
plt.plot([1,0],[1,0], ]inastyle ="
plt.legend(loc = "best”
plt.xlabel( False P Rate')
plt.ylabel( True Po Rate')
plt.title("ROC - CURVE & AREA UNDER CUAVI

the curve

*,auc(fpr,tpr)),color = “green”)

,Fontsize-208)
Accuracy of Naive Bayes is ©.9912280781754386

Classification report

precision recall fi-score support

[} 8.99 1.e0 1.00 sS85

1 a.00 8.8 @.00 5

accuracy 8.99 570

macro avg 8.58 8.58 8.58 578

weighted avg 8.98 9.99 8.99 578
CONFUSION MATRIX ROC - CURVE & AREA UNDER CURVE
u | % |

Fig.13.Naive Bayes model without SMOTE

2.Logistic Regression:

e

from sklearn.lincar_model import LogisticRegression
1r_model = LogisticRegression(class_weight={:189, 111})

1r_model.fit(x_train,y_train)

predictionslr_model.predict(x_test)

5 uracy_scors{prediction,y test})
J(classification_report(y_test,prediction)))

sk fl;ure(ﬂg;
plt.subplot(2
sns. hen"ap\ccﬁfusior e S e T e T e U I = RV

-"k", 1newidths

st3[:.1]
abilites)

.thresholds - roc_curve(y_test,predicting p
plt.subplot(222)

plt.plot(fpr,tpr,label = (“Area_under the curve :~,suc(fpr,tpr)),color - “green”}
plt.plot([1,8].[1,8].1inestyle = "dashed”,color ="k"}

plt.legend
plt.xlabel("F
1t.ylabel('Tr

VE", fontsizes20)

Accuracy of Logistic Regression is 8.5855845122887817

Classification report :

precision  recall fl-score  support

e e.99 0.99 e.99 565

1 a.ee e.09 e.e9 5

accuracy 8.99 578
macro avg 6.58 @.58 8.58 578
ighted avg 8.908 @.99 8.98 578

CONFUSION MATRIX ROC - CURVE & AREA UNDER CURVE

Fig.14.Logistic Regressor model without SMOTE



3.Decision Tree:

#Decision Tree Without SMOTE Technigue
from sklearn.tree import DeclsionTreeClassifier
ds_madel = DecisionTreeClassifier(max_depths5, random_state=13)

ds_model.fit(x_trafn,y_train)
prediction=ds_sodel.predict (x_test)

print(validation accuracy of Decision Tres iz’, accuracy_score({prediction,y_test))
print {“inClassification report :in",{classification_report(y_test,prediction)))

sronfusion moteix

plt.figure(figsize={13,18))

plt.subplot(221)

sns . heatmap(confusion_matrix(y_test,prediction),annot=True,cmap="viridis",fat = "d",linccolor="k", linewidths=3)
plt.title( "CONFUSION MATRIX",fontsize-20)

#ROC curve and Ares under the curve plotting
predicting_probabilites - ds_model.predict_proba(x_test)[:,1]
fpr,tpr, thrasholds = roc_curve(y_test,predicting probabilites)
plt.subplot(z22)
plt.plot(for.tpr.label = ("Ares_under the curve :™,auc{fpr.tpr)).color = "green”)
plt.plot([1,8],[1,0],linestyle = “dached™,color ="k"}

plt.legend(loc = “best™)

plt.xlabel{"False Positive Rate')

plt.ylabel{ True Positive Rate')

plt.title("ROC - CURVE & AREA UNDER CURVE",fontsizes2a)

Vvalidation accuracy of Decision Tree is 8.0614835887719208

Classification report :

precision recall fl-score  support

@ .99 ©.97 ©.98 565

1 a.08 .00 e.00 5

accuracy 2.96 578

macro avg @.58 .48 ©.49 578

weighted avg 8.98 .96 8.97 578
CONFUSION MATRIX ROC - CURVE & AREA UNDER CURVE
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—
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_ ™
=
- ™
.
] T g o 0 o = oy
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Fig.15.Logistic Regression model without SMOTE

4.2 Experiment 2

Balancing of Data using SMOTE technique.The results produced as seen
in Fig.9 the data for Non-exoplanet and Exo-planet is balance in nature
which will produce desired outputs.

#SMOTE techingue for Balancing of the imbalanced Data.

from imblearn.over_sampling import SMOTE

model = SMOTE()

ov_train x,ov_train_y = model.fit resample(exo train.drop('LABEL',axis=1), exo train['LABEL'])
ov_train_y = ov_train_y.astype('int")

ov_train_y.value_counts().reset_index().plot(kind="bar', x="index', y="LABEL',color="orange")

<AxesSubplotixlabel="index">

5000
4000
3000
2000
1000
| ABEL
Qo -
index

Fig.16.Balanced Dataset
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. Results produced after SMOTE Technique.

1.Naive Bayes:

Accuracy of Naive Bayes is ©.4884488448844885

Classification report

precision recall fl-score support

(] 8.52 0.a3 B.a86 17a9

1 a.4%9 8.97 B.65 15624

accuracy 8.49 3333
macro avg B.58 B.5a B.36 3333
weighted avg 8.58 8.49 8.35 3333

Text(®.5, 1.8, "ROC - CURVE & AREA UNDER CURVE')

CONFUSION MATRIX ROC - CURVE & AREA UNDER CURVE

- 1600 10 { — [‘Area_under the curve -, D 5006840415995296)
- 1400

- 1652
- 1200
- 1000 %
- 800 E
- 600 g

- 1571 0o
- 200

1 0.0 02 04 06 0.8 10

False Positive Rate

Fig.17.Naive Bayes model without SMOTE

2.Logistic Regression:

Accuracy of Logistic Regression is 8.6951695169516952

Classification report

precision recall fl-score support

a 8.72 B.66 B.569 1789

1 8.67 8.73 a.7e 15624

accuracy 8.78 3333
macra avg 8.78 8.78 8.78 3333
waighted avg 8.78 8.78 .69 3333

Text(8.5, 1.8, "ROC - CURVE & AREA UNDER CURVE')

CONFUSION MATRIX ROC - CURVE & AREA UNDER CURVE
10
- 1100
° - 1000 08
-900 b 06
- 800 g
T 04
- 700 2
- - 600 0.2
-0 0.0 " —— [Area_under the curve -, 0 7580858148832463)

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Fig.18.Logistic Regression model with SMOTE



3.Decision Tree:

Vvalidation accuracy of Decision Tree is ©.9153915391539154

Classification report :

precision recall fil-score  support

9 8.99 @.85 9.91 1789

1 ©.86 9.99 2.92 1624

accuracy 9.92 3333

macro avg @.92 9.92 2.92 3333

weighted avg 9.92 9.92 9.92 3333
Text(@.5, 1.8, "ROC - CURVE & AREA UNDER CURVE')

CONFUSION MATRIX

- 1600

- 1400

-1200

- 1000

ROC - CURVE & AREA UNDER CURVE

10

08

06

044

Fue Positive Rate

02

00

— ('Area_under the curve :', 0.9533060989775947)

02 04 06 08 10
False Positive Rate

Fig.19.Decision Tree model with SMOTE
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