By precisely describing the planetary conditions
and related properties of habitable exoplanets,
Al algorithms can improve their identification
and analysis.
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Abstract

This research focuses on the application of Artificial Intelligence (Al) to identify and
evaluate the potential for habitability of exoplanets. It aims to train Al models capable of
filtering exoplanets from a given dataset and further categorizing their potential for
habitability on a scale depending on various planetary conditions. It questions how
various crucial factors such as the radiative flux and the eccentricity of a planet affect its
ability to support life. To achieve these goals, various Al models were systematically
tested and the highest accuracy (~97%) was achieved using a Random Forest Classifier
for both exoplanet detection and habitability potential. The study also discusses the
importance of the Habitable Zone and liquid water in sustaining life. The data used is
from NASA's Kepler Cumulative dataset. The research highlights the benefits of

employing Al models to assess large datasets of exoplanets for the exploration of
distant planetary systems.



1. Introduction

The discovery of exoplanets has long been a focus of the space research community.
The basic premise behind it is the prospect of discovering habitable planets or
extraterrestrial life. This research will investigate the atmosphere and other features of
exoplanets that help us designate them as habitable exoplanets. Based on these
qualities, we will employ artificial intelligence to improve planet detection and analysis.

To begin, we will need to understand the fundamentals of exoplanet sciences and
astrobiology in order to provide the groundwork for what follows. Then we'll look into
exoplanet detection and atmosphere analysis techniques. Furthermore, we will analyse
the criteria and circumstances for habitability in order to comprehend how a planet is
considered habitable. Because the atmosphere is so important in assessing a planet's
habitability, exoplanet atmospheric composition and models will be covered. Continuing,
the goal of this study is to use artificial intelligence to find and characterise exoplanets
and their atmospheres so, we will also investigate the prior use of artificial intelligence in
detecting exoplanets. Finally, significant technological and scientific achievements in the
history of exoplanet detection will be highlighted.

2. Theory

2.1. Basics of Exoplanet Science
2.1.1. Definition of Exoplanets

An exoplanet, short for extrasolar planet, is a celestial body that orbits a star outside the
confines of our solar system. This notion, once the topic of philosophical debates, has
become one of the most revolutionary fields in modern astronomy. The thought that our
solar system might not be singular, and that other stars might harbor their own set of
planets, has a long and storied history. Notably, Dominican Friar Giordano Bruno
posited in his 1584 work "De I'Infinito, Universo e Mondi" that the night sky's stars could
very well be suns with their own planets orbiting them. He posited that these worlds
remain invisible to us due to their diminutive size and faintness compared to their host
stars, a challenge that persisted for centuries and that modern astronomers are only
now beginning to overcome [1].

The preliminary strides toward exoplanet detection transpired in the 18th and 19th
centuries, through observations that anticipated modern exoplanet detection
techniques. One such observation by British astronomer John Goodricke in 1783
revealed that periodic dimmings of the star Algol were caused by an unseen companion
orbiting it [2]. This laid the groundwork for the exoplanet transit technique used today.



The 20th century witnessed claims, later debunked, of exoplanet discoveries based on
observed wobbles in star movements. The authentic breakthrough in exoplanetary
science occurred in the late 1980s and early 1990s with discoveries around stars such
as Gamma Cephei A and HD 1146723 [3]. What followed was an outpouring of
discoveries, including planets orbiting pulsars and the "first planet around a Sun-like
star" - 51 Pegasi b [4].

Contrary to prior assumptions that planetary systems would mirror our solar system, the
first exoplanet discoveries ushered in a realization: the diversity and variety of planetary
systems is staggering. The cosmos teems with planets on eccentric orbits, planets
denser than any material we know, and planets so light they could be likened to fairy
floss [5]. This immense diversity underscores the complexity and richness of our
universe.

2.1.2. Importance of Studying Exoplanets

The study of exoplanets, planets that orbit stars outside our solar system, serves as a
cornerstone for multiple scientific disciplines, providing insights that extend beyond
planetary science into the realms of astrophysics, astrobiology, and even philosophy [6].

2.1.3. Astrobiology and the Search for Extraterrestrial Life

One of the most captivating prospects of exoplanetary science is its potential to answer
the age-old question: Are we alone in the universe? Recent advancements in
exoplanetary studies have made it conceivable to detect bio-signatures—indicators of
biological activity—in the atmospheres of exoplanets within the next decade [6]. This
drives the field of astrobiology, aiming to understand life's potential to arise elsewhere in
the universe [7].

2.1.4. Understanding Planetary Formation and Diversity

Studying exoplanets also enables scientists to test theories of planetary formation. The
recent surge in discovered exoplanets has showcased a rich diversity of planetary
characteristics and systems, radically different from our own solar system [8].
Understanding this diversity helps to enrich and challenge existing theories of planetary
formation [9].

2.1.5. Comparative Planetology

The field of comparative planetology has also greatly benefited from exoplanetary
studies. By comparing the geological and atmospheric characteristics of planets in our
solar system with those of exoplanets, we can form a comprehensive understanding of
planetary processes [10].



2.1.6. Stellar Evolution

Studying the interactions between exoplanets and their host stars can offer invaluable
insights into stellar evolution processes. Exoplanets and their stars often exert mutual
influences that are crucial for understanding both planetary and stellar life cycles .

2.1.7. Technological Advancements

The need to detect and study distant planets has spurred significant technological
innovations, especially in the field of astronomy. Advanced telescopes and detection
methods, some solely dedicated to exoplanetary research, are among these
advancements [11].

2.1.8. Philosophical and Societal Implications

The discovery of extraterrestrial life would raise profound questions about human
significance, spirituality, and the ethics of interacting with other sentient beings [12].

2.1.9. Planetary Habitability and Resources

As our own planet faces increasing resource constraints, understanding the conditions
that could support life elsewhere could have direct implications for the future of
humanity [13].

2.1.10. Milestones in Exoplanet discovery

2.1.10.a. Over 1,200 new planets have been confirmed by NASA's Kepler mission,
making it the greatest planet discovery to date [14].

2.1.10.b. The two years with the largest exoplanets discoveries were: 875 planets
discovered in 2014 and 1,517 planets discovered in 2016 [14].

2.1.10.c. As per now, over 5,000 planets have been discovered, out of which, over 4000
planetary systems are present with more than 9,000 candidates [14].

2.1.10.d. Historic Timeline of Exoplanet discovery [15]:

April 1984: First planetary disk observed

April 23, 1990: Hubble Space Telescope is launched

January 1992: First exoplanets are discovered

October 1995:First exoplanet around a main-sequence star is discovered

1999: First transiting exoplanet discovered and first multi-planet system is discovered



April 4, 2001: First planet within the habitable-zone found

October, 2001: First measurement of an exosolar planet’s atmosphere

March 2005: First light from exoplanet observed

May 2007: First map of an exoplanet created

March 6, 2009: Kepler planet-finding mission launches

September 2013: First exoplanet cloupmap created

April 2014: First Earth-sized exoplanet in the habitable zone discovered, Kepler-186f
February 2017: Seven Earth-sized planets found orbiting a red-dwarf star, TRRAPIST-1

December 2017: Eight planet was discovered in the Kepler-90 system using Atrtificial
intelligence.

April 18, 2018: Launch of the TESS mission.
December 25, 2021: The launch of James Web Space Telescope.

2.2. Exoplanet Detection Methods and Characterization
2.2.1. Transit Photometry
2.2.1.a. Description and Mechanism

Transit photometry is a robust method for detecting exoplanets by monitoring the
brightness of stars for periodic, short-lived dimming events, indicative of a planet
transiting across the parent star's disk [16]. This transit blocks a small fraction of the
star's light, allowing for the potential discovery of the planet. High-precision follow-up
observations can yield a wealth of additional data, including planetary mass, radius, and
mean density, that are otherwise unavailable for non-transiting planets [17].

2.2.1.b. Key Aspects of Transits:

i. The transit probability. Transits are rare because the planetary orbital plane
must be nearly edge-on as viewed from Earth. For randomly oriented orbits
this circumstance occurs with a probability of approximately where R* is the
stellar radius and r is the planet-star distance at the time of conjunction. For
a Sun-like star, the probability is ~0.5% for r = 1AU and ~10% for r =
0.05AU.



i. The transit depth. During a transit, a fraction of the starlight is blocked. For a
Sun-like star, this fraction is 1% for a Jovian planet and 8x10-5 for an
Earth-sized planet

iii. The transit duration. The transit lasts for a duration ~ where is the orbital
velocity of the planet. The exact duration also depends on the impact
parameter of the planet’s trajectory across the stellar disk. For a Sun-like
star, the transit of a close-in planet with r = 0.05AU lasts ~2hr, while the
transit of a more distant planet at 1AU lasts ~12hr [16].

2.2.1.c. Number of Exoplanets Detected and Current State of the Art

The advancements in the field of exoplanetary science over the years have led to
significant strides in the detection and characterization of exoplanets. The discovery of
approximately two dozen transiting exoplanets has transformed our understanding, as
these planets are the only ones that can be comprehensively characterised using
current technology. This characterization encompasses measurements of their physical
mass, radius, temperature, and atmospheric composition [16].

A groundbreaking finding is the ability to determine a planet's bulk density by using
transits that are coupled with radial velocity or astrometric studies to determine the
planet's mass. The importance of this combined analysis becomes evident when
considering the thirty transiting hot Jupiter exoplanets; their combined masses and radii
have provided data that challenges our existing theories on planet formation and
evolution [16].

Furthermore, when considering stars like M-dwarfs, the search for exoplanets becomes
even more promising. Their habitable zone is closer, thus increasing both the probability
of transits and the radial velocity amplitude, making the search for Earth-like planets in
the habitable zone more attainable [16]. Ground-based systems, along with proposed
space-based systems, can conduct transit surveys of numerous nearby M-dwarfs,
enhancing the possibility of detecting a habitable planet in the coming decade.

The Spitzer telescope has been a pivotal instrument in advancing exoplanet science,
especially in the realm of comparative exoplanetology, through its transit observations.
For instance, it's been used to determine temperatures of various Jupiter-mass
exoplanets, interpret thermal orbital phase curves, and even identify the presence of
water vapor [16]. A key aspect is that the Spitzer telescope, even after its cryogenic
mission has ended, remains unparalleled in studying transiting planets through
temperature and spectral readings, at least until the launch of the James Webb Space
Telescope (JWST).

The future promises even more advancements with the JWST. Designed with
capabilities to conduct transit studies of Earth-sized planets in the habitable zones of
M-dwarfs, it could provide us with the first detailed characterization of a true Earth
analog orbiting an M-dwarf [16].

Lastly, the Kepler Mission stands as a crucial endeavour to understand the frequency of
Earth-sized planets around solar-type and other main-sequence stars. This will help in



understanding if Earth-sized planets are a common result of star formation, and thus the
likelihood of similar planets within our solar neighborhood. Before Kepler's
achievements, ground-based surveys targeting M-dwarfs may also help gain insights
into short-period transiting planets nearing Earth's size [16].

2.2.1.d. Limitations

Transit photometry has undeniably propelled our understanding of exoplanets, revealing
diverse worlds and intricate planetary systems. However, it is essential to recognise the
inherent constraints of this method to ensure a comprehensive appreciation of its
findings:

i. Geometric Probability: The method primarily hinges on the geometric
alignment of the star, planet, and the observer. Specifically, the probability of
a planet transiting its star is governed by the relation where R. denotes the
stellar radius and a the planet-star separation. This means that many
exoplanets, if not perfectly aligned with our perspective, remain undetected
by this method alone [18].

ii. Observation Duration: Confirming the presence of smaller planets
necessitates prolonged observations, often employing the most massive
ground-based telescopes equipped with highly stable spectrographs. This
time-intensive requirement can pose significant operational challenges [19].

iii. False Positives and Stellar Activities: Stellar phenomena, such as star
spots, or even other stellar bodies, can imitate transit signals. This
propensity to produce false positives necessitates meticulous follow-up
observations to verify the existence of an exoplanet.

iv. Limited Characterization: While transits can divulge atmospheric
characteristics, this is primarily efficient for larger planets with extensive
atmospheres. Characterizing Earth-sized planets or those with sparse
atmospheres remains a challenge. Existing technology largely confines the
physical characterization of planets to those transiting their stars [20].

V. Bias Towards Specific Star Types: Ground-based transit surveys
predominantly focus on nearby M-dwarfs. Although they possess a higher
probability of harbouring transiting planets due to their size and habitable
zone proximity, such stars' inherent stellar activities can introduce
interpretative complexities.

vi. Statistical Limitations: The number of transiting planets discernible around
luminous stars is fundamentally circumscribed by statistics, affecting the
practicality of subsequent characterization [18].

vii. Large Sample Sizes: Due to the geometric challenges and the vastness of
space, astronomers need to monitor an expansive number of stars to
identify a substantial number of transiting exoplanets.

viii. Orbital Radius Constraints: The likelihood of detecting a transit dips as the
planet's orbital radius grows. This inherent limitation complicates the
discovery of planets in more distanced orbits around their host stars [17].



ix. Distance and Brightness Limitations: Stars monitored by certain missions,
like Kepler, are far away. This distance complicates follow-up techniques
like Doppler velocimetry essential for characterizing discovered exoplanets.
Brightness also plays a crucial role as dim stars make the detection process
more intricate [17].

2.2.2. Radial Velocity

The Radial Velocity (RV) method, also known as Doppler spectroscopy, is a
predominant technique for detecting exoplanets. It capitalises on the gravitational
interactions between a planet and its host star, leading to observable Doppler shifts in
the star's light spectrum.

2.2.2.a. Principles of the Radial Velocity Method
Stars and their planets do not orbit a fixed point within the star. Instead, both the star
and its planet orbit around a common center of mass. This dynamic induces a reflex
motion in the star, a periodic oscillation detectable from Earth. When the system's
orientation is nearly edge-on relative to Earth, the star's motion toward and away from
Earth manifests as an oscillating Doppler shift. This results in the star's atomic and
molecular spectral lines shifting slightly toward the blue (blue-shift) when the star is
moving towards Earth and then to the red (red-shift) when it is moving away [16].
Essentially, Doppler-shift spectroscopy measures only the component of a star’s
to-and-fro motion along our line of sight. This "radial" component of the star's motion
creates the aforementioned Doppler shift. Modern telescopes, when equipped with
precise spectrometers, can identify radial velocities as subtle as a few meters per
second, equivalent to a walking speed, which causes a Doppler shift of a part in 108 of
the spectral line’s wavelength [17].
Initially, the method was most efficient at detecting massive planets close to their host
stars. This is because such planets induce larger reflex velocities in their host stars.
However, with advancing technology and prolonged observation times, the technique's
precision has increased. This progression has allowed for the discovery of planets of
lesser mass and at greater orbital distances. Recent statistics from Doppler surveys
suggest [16]:

i. About 1% of Sun-like stars host very close gas giant planets, known as hot

Jupiters.

il Gas giant planet formation appears more efficient around high metallicity
stars.

iii. A minimum of 15% of stars possess gas-giant planets with orbital periods
under 10 years.

iv. Around 50% of stars with one identified planet exhibit additional velocity
variations, hinting at the existence of more planets.



v. There is an upward trend in planet numbers as planetary mass decreases.
2.2.2.b. Radial Velocity Findings

Among the various techniques employed for exoplanetary discovery, radial velocity
stands out as the foremost method in the quest to detect low-mass planets in the vicinity
of stars.

The pursuit for precision in radial velocity measurement is ever-advancing, with 1 m/s
currently being the benchmark and the ambitious goal set at 0.1 m/s. This drive i's
pivotal for detecting Earth-like planets. The report documents a notable discovery of a
planet with M sin i of 5.1 Me, a result of achieving an impressive 0.6 m/s precision.
There is a noticeable bottleneck in accessing premier radial velocity instruments. This
limitation becomes even more pronounced given the forthcoming influx of potential
exoplanetary candidates from missions like Kepler. The technique showcases its
potential in detecting terrestrial-mass planets, particularly around low-mass stars. The
method can uncover significant numbers of exoplanets with M sin i measurements as
low as 10 Me, especially when associated with solar-type stars located in the habitable
zone. M-dwarf stars, main sequence ones in particular, are intriguing targets. A given
radial velocity precision can detect a planet of lower mass around an M star as
compared to a G star. However, observing the less luminous M-dwarfs requires shifting
from visible-wavelength techniques to near-infrared Doppler spectroscopy, a technology
currently being refined [16].

2.2.3. Gravitational Microlensing

Gravitational microlensing stands as one of the most intriguing methods to detect
exoplanets. Its underlying principle is grounded in Einstein's theory of general relativity,
which predicts that massive objects can bend and focus the light from objects behind
them.

2.2.3.a. Mechanism of Microlensing:

When a star (referred to as the lens) passes nearly directly in front of a more distant star
(the source), the gravitational field of the lens focuses the light from the source,
producing two images on opposite sides of the lens. Typically, these images are
separated by a minuscule ~1 milliarcsecond (mas), rendering them mostly unresolved.
However, the magnification due to lensing leads to a perceivable brightening and
dimming of the source star in a characteristic bell-shaped light curve [16].

2.2.3.b. Revelation of Planets:

If the lens star hosts a planet, this planet can substantially perturb this light curve if it
comes close to one of the created images, thus revealing its existence. Post-event
observations often allow scientists to characterize the host star sufficiently to discern the



mass of the planet and its projected separation from the star in actual physical units
[17].

2.2.3.c. Microlensing’s Strength:

The theoretical framework of microlensing is rigorous. Utilizing space-based surveys, it
becomes possible to ascertain the occurrence of planets based on their mass (down to
0.1 Earth masses), the type of their host star, and the planet's separation from its star
ranging from 0.5 to 15 Astronomical Units (AU) [21]. Notably, planets beyond this range
might blur into the category of free-floating planets.

2.2.3.d. Microlensing Findings

Among the microlensing-detected planets, two are categorized as cold Neptunes, while
the remaining four fit the cold Jovian mold. Intriguingly, two of these Jovian planets
belong to a system strikingly reminiscent of our Jupiter-Saturn setup, sharing analogous
mass ratios, separation metrics, and thermal profiles. These observations lead to two
pivotal conclusions [16]:

Cold Neptunes are relatively common in our galaxy.

Solar system analogs, with configurations similar to ours, might not be rare.
Furthermore, microlensing stands out as the sole method capable of identifying old,
free-floating planets. Microlensing's potential can be realized with modest investments
in ground-based initiatives. A single dedicated 2-meter class telescope can boost the
method's planet detection efficacy, building on the last decade's significant microlensing
strides. For a comprehensive statistical planetary overview in the Galaxy, encompassing
a range of plausible semi-major axes, a space-based microlensing strategy is
paramount, possibly feasible through a Discovery-class mission.

2.3. Spectroscopic Techniques for Atmospheric Analysis

The light coming from an exoplanet’'s atmosphere is captured by telescopes and split by
spectrometers. The “black bars” in the rainbow spectrum indicate that the corresponding
wavelength of light has been absorbed by the gases in the planet’s atmosphere,
revealing their presence [22]. In this way, the chemical composition of the atmosphere
can be understood to determine habitability [23]. However, there exist limitations due to
the faintness of the light obtained which can be 102 to 10° as intense as light coming
from the host star. The influence of the star cannot usually be wholly eliminated,
modifying the measurement [24].

2.3.1. Transmission Spectroscopy

During a planetary transit in front of its star, some light may pass through the planet’s
atmosphere on its way to the Earth. The light emerges from the planetary atmosphere
after passing through varying depths of the atmosphere. This is the most widely-used



method. The measurement of the total brightness of the star and planet combined over
time is called the transit light curve. In transit, the planet may block a small fraction of
the stellar flux which is equal to the projected area of the planet relative to the area of
the star. This drop in flux is known as the transit depth which is wavelength-dependent.
At wavelengths where the atmosphere is more opaque, the planet blocks more stellar
flux due to absorption by atoms or molecules. A disadvantage of this technique is that
only a small fraction of the light passes through the planet’'s atmosphere. As a result,
very careful calibration and data reduction needs to be performed. However, an
advantage of this technique is that a transit only lasts a few hours so very often the
in-transit and out-of-transit calibration comparison data can be acquired in a single
session in one night [25].

Theoretical models for the spectrum require calculation for the light on the slant path
passing through the planetary atmosphere. A rough estimate can be made based on the
atmosphere scale height . It is the change in altitude over which the pressure drops by a
factor of . Using the ideal gas law and assuming hydrostatic equilibrium [26],
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(Kb is the Boltzmann constant, Teq is the planet’s equilibrium temperature, u is the mean

molecular mass, n is the number of scale heights crossed at wavelengths with high
opacity and g is the surface gravity).

The amplitude of spectral features is then:
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Hence, the ideal candidates for this method have high equilibrium temperatures, small
host stars, low surface gravity and are hydrogen-dominated. Even in such cases, the
amplitude of spectral features is only

2.3.2. Thermal Emission Spectroscopy

If an exoplanet or its atmosphere is hot enough, it may emit blackbody radiation which
can be detected. The host star and exoplanet can both be treated as blackbodies and
the ratio of their fluxes can be found out. The dominant source of thermal emission is
the re-radiation of incident stellar flux. The size of the emission signal can be predicted
from the planet’s equilibrium temperature:
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If the temperature increases with altitude, spectral features are visible in emission rather

than absorption. Thermal emission spectroscopy is useful in understanding the
temperature structure along with atmospheric composition.

2.3.3. Reflection Spectroscopy

At any point in an exoplanet’s orbit but especially close to the secondary eclipse
(occultation), light from its star may bounce off the exoplanet's atmosphere and be
directed towards the Earth. The reflected light can subsequently be separated from that
of the host star and analyzed, especially at short wavelengths. The reflected light can
be quantified in terms of — The ratio of reflected light from a fully illuminated planet
relative to reflection from a flat, perfectly diffusing disk with cross-sectional area equal to
that of the planet. The total reflected light signal then is,

=4 (R /@) o(c)

This technique is difficult as it requires detecting faint reflected light and breaking it up
into its spectrum, as compared to bright light from the host star. Hence, it might be
better to use optical photometry — low-resolution spectroscopy using ranges hundreds
or thousands of Angstroms wide. Using this method, Earth-like planets could be
separated from others using just three broad passbands (red, green and blue).

reflect

2.3.4. General trends observed in exoplanet atmospheres

Commonly found molecules and atoms detected in exoplanetary atmospheres include
H,O, CO, CH,, NH;, CO,, HCN, C,H,, H, He, Na, K, Li, Mg, Ca, Fe, V, Cr etc. It has also
been found that most atmospheres are cloudy or hazy. These aerosols limit our ability to
determine the exact chemical composition of these atmospheres. The particles produce
flat and featureless spectra and are a result of either condensation of atmospheric
species when the partial pressure of vapour exceeds the saturation vapour pressure or
photochemical hazes resulting in the formation of involatile solids. Their effects must be
taken into account when analyzing the spectra or retrieving molecular abundances and
thermal structures of exoplanetary atmospheres [26, 27].

2.4. Criteria for Habitability (Parameters for Potentially Habitable
Exoplanets)

Currently, our understanding of habitability is limited to the conditions present on Earth.
They are often rated on the Earth Similarity Index (ESI). Using this Earth-based criteria,
several potentially habitable exoplanets have been hypothesized. However, these are
much lesser in number compared to the list of non-habitable exoplanets. Hence, they
can be thought of as anomalies in a large group of non-habitable instances. Since the



Earth is the only known habitable planet, life can be thought to be arbitrarily rare. We
can characterize exoplanets in terms of different parameters based on the conditions
present on Earth and screen these anomalies from all other exoplanets detected [28].

2.4.1. Stellar Type and Stability

In addition to the requirements of liquid water and climatic conditions, there are certain
important conditions an exoplanet needs to fulfill in order to be qualified as potentially
habitable. These are influenced largely by a broad range of stellar, orbital and planetary
properties that are different from the terrestrial requirements. The key driver of an
exoplanet’s environment is the host star. The insolation i.e. the radiative flux a planet
receives from its host star is an important factor in determining the surface conditions
and climate. Along with the spectral energy distribution (SED) of the host star, the
insolation is also used to define the spatial extent of the habitable zone (HZ). It is also
important to note that habitable planets may exist in binary or multiple-star systems too.
A relatively large number of planets have been discovered in binary stellar systems,
both circumstellar and circumbinary [29]. The habitable zone (HZ) around a star is
typically defined as the region where a rocky planet can maintain liquid water on its
surface. The inner edge of the HZ is dependent on how warm the planet can get in that
zone. Two cases may occur: (i) runaway greenhouse in which the surface temperature
exceeds the critical temperature for water (647 K) and the entire ocean evaporates or
(i) moist greenhouse in which the surface temperature exceeds ~340 K for a 1-bar
Earth-like atmosphere, causing the H,O saturation mixing ratio at the surface to exceed
0.2. This leads to large increases in tropospheric and stratospheric heights, so water
can rapidly photodissociate and be lost to space. The outer edge can also be defined on
the basis of the maximum greenhouse effect: the distance at which warming by CO,
reaches a maximum and the solar flux required to maintain a 273 K surface temperature
reaches minimum value. Additionally, some authors have suggested modifications of
these HZ boundaries based on other factors like the presence of other greenhouse
gases [30]. Many newly discovered exoplanets orbit stars cooler compared to the Sun
because the habitable zones corresponding to such stars are easier to detect. However,
they often have increased activity compared to the Sun including flaring, coronal mass
ejections (CMEs) and active magnetic fields. Stellar flares are related to increased UV
and charged particle flux but these conditions do not affect habitability. However, the
increased likelihood of CMEs can affect habitability due to atmospheric erosion or
compression of planetary magnetospheres [31].

2.4.2. Orbital Characteristics and the Goldilocks Zone

It was believed that the conditions required for life to be present on another planet
needed to be near perfect compared to Earth. These conditions, including atmospheric
oxygen and liquid water, have led researchers to look for habitable exoplanets in the
Goldilocks zone or a part of space in which a planet is at the optimal distance from its
host star, allowing for a surface temperature that is neither too hot nor too cold.
However, these conditions have been redefined over the years because sometimes life



can survive in extreme environments too. The Goldilocks zone is also known as the
habitable zone or HZ [32]. The rate of rotation of a planet has a significant effect on
atmospheric circulation, the efficiency of latitudinal heat transport, cloud distributions,
precipitation patterns and surface temperatures. The number and latitudinal extent of
wind are determined by the strength of the Coriolis effect which is determined by the
rotation time period. The rotation time period is in turn dependent on the evolutionary
path and frequency of encounters with exchanges in angular momentum, including
star-planet and planet-moon tidal dissipation [33]. Another important factor affecting
habitability is the eccentricity. If a planetary orbit is too eccentric it might lead to absence
of liquid water all year round as the planet moves closer and farther to its host star.
Obliquity is the tilt of the planet’s rotation axis [34]. Less tilt leads to stable temperatures
and prevention of extreme weather patterns. Linsenmeier et al. (2015) studied the
influence of both obliquity and eccentricity for ocean-covered planets orbiting a Sun-like
star on a 365-day orbit and a 24-hour day, similar to Earth. It was found that planets
with eccentricities higher than 0.2 can only sustain surface liquid water for a certain part
of the year. Of the planets on NASA's exoplanet archive, only 21.7% of the planets
could potentially sustain liquid surface water year round [35]. The orbital stability is also
an important factor in determining habitability. More massive planets have higher
gravitational forces and orbit closer to their host stars which makes them more likely to
be tidally locked, having one side always facing the star. This results in extremely hot or
cold conditions and may affect life forms. However, planets with lower masses have
weaker gravitational forces and less resistance against disturbances caused by external
bodies nearby, increasing the likelihood of unstable orbits and ejection into space over
time [36].

2.4 3. Planetary Mass and Gravity

Planetary mass plays a prominent role in determining whether a planet can support life.
The mass determines its size, density and atmospheric pressure which affects
temperature regulation on its surface. Larger planets have stronger gravitational forces
that help retain their atmospheres over a long period of time, creating better
atmospheric pressure for complex life forms to exist. However, very large gravitational
forces also hinder the development of life by creating inhospitable environments. On the
other hand, lighter planets may lose their atmospheres owing to hydrodynamic escape.
The gravity affects climate cycles and even geology depending on its strength. It has
two main effects on habitable planets: (i) strong gravitational forces help retain the
atmosphere by preventing gas molecules from escaping into space over time and (ii)
stronger gravity creates stronger tidal effects like ocean tides, causing geological
activity like volcanic eruptions and earthquakes which can allow for the creation of more
dynamic environments with diverse ecosystems. Overall, the planetary mass and
gravity also affect the surface temperature. Larger planets having higher mass and
stronger gravity have thicker atmospheres trapping more heat from the host star and
resulting in higher temperatures [36].



2.4.4. Atmospheric Conditions
2.4.4 a. Factors Influencing Atmospheric Chemistry of Exoplanets

The discovery of a vast diversity of exoplanets, many of which have no analogues in the
solar system, has revolutionized astronomy. This diversity suggests an exoplanet zoo
with a wide range of sizes, atmospheric temperatures, and elemental compositions.
Theorists must understand the variety of existing planetary climates. To infer the
chemical composition of exoplanet atmospheres, a theoretical approach must identify
and understand the impact of various parameters on atmospheric chemistry [37].

i. Gravity

The planet's mass and radius, derived from radial velocity and transit techniques,
determine its ability to retain atmosphere. Gravity and host star X-ray and EUV flux [38]
also influence atmospheric composition. Gravity, along with particle mass and
temperature, sets the scale height of the atmosphere, determining its compactness or
extension.

ii. Elemental composition

The atmospheric composition of planets is influenced by the relative abundances of
elements. Giant planets, due to core accretion, can capture nebular gas efficiently,
retaining a thick H/He-dominated atmosphere. Terrestrial planets, on the other hand, do
not, and their atmospheres depend on their mass and evolutionary history. Terrestrial
atmospheres are typically dominated by secondary products like H,O, CO,, CO, N,, Ne,
Ar, Kr, SO,, and SiO,. A regime of super-Earths/sub-Neptunes with unknown elemental
composition is between giant and terrestrial planets. Comparing chemical models and
observations can constrain the elemental composition of the atmosphere, providing
insights into the planet's formation and evolution [37].

iii. Insolation

The energy received at the top of the atmosphere is influenced by the host star's
luminosity and orbital distance, which can be constrained by observations. The spectral
type of the star also affects atmospheric characteristics. Incoming visible and infrared
photons heat the atmosphere, while ultraviolet photons heat the high-altitude
thermosphere [37].

iv. Internal heating

Planets' interiors generate significant atmospheric heat, influenced by their age and tidal
interactions with the host star or other planets. Estimates are based on theoretical
models, but uncertainties in key factors like bulk material dissipation and star age limit
the accuracy of these estimates [37].



v. Solid surfaces

Life thrives at discrete interfaces [39], especially on rocky and icy planets, and is more
favored on substrates protected from shortwave [40] and charged particle radiation [41].

Habitability on planets is influenced by solid substrates, which offer stability, chemical
compound density, and protection from radiation. Rocky planets and planets with frozen
layers provide interfaces for organisms and nutrients. Planets with solid cores generate
internal heat from radioactive decay, and regenerative biosphere recycling [42, 43] is
essential for stabilizing the climate. Habitability correlates positively with solidity, with
rocky or frozen substrates indicating a positive correlation [44].

vi. Atmosphere

An atmosphere on planets promotes habitat by protecting the surface from shortwave
radiation, stabilizing surface liquids, shielding surface liquids against photolysis,
maintaining barometric pressure against boiling, and allowing an exchange medium for
gaseous metabolites [40, 45, 46]. It also provides a tropopause cold trap, preventing
water loss and hydrogen escape [47]. The size of an atmosphere on exoplanets can be
evaluated using the Total Planetary Footprint (TPF) and enhanced imaging
technologies. The planetary bond albedo is determined using long-term photometric
observations [48, 49].

vii. Magnetosphere

Magnetic fields enhance habitability on terrestrial surfaces by deflecting radiation and
providing energy for living organisms. However, the yield of free energy is small [144,
148]. Measurement of magnetospheres at great distances may be challenging, but
promising techniques have been proposed [51, 52].

2.4.5. Energy Availability

Sunlight and chemistry are the most effective sources of free energy for driving
biological processes on planetary bodies near the sun [53-55]. Heat, while commonly
available, is inefficient and non-regenerative [50]. Tidal flexing, a common source of
heat on solid bodies, could contribute significantly to habitability due to cyclic variations
in gravity.

i. Light

The stellar flux received by a planet is an inverse function of the square of the distance
of that body’s orbit from its central star and depends further on the luminosity of the star.
We assume that light up to a distance of 2.5 AU from our Sun can support
photosynthesis well and that photosynthesis can be driven to some degree at distances
at least up to 10 AU [56].



ii. Heat

Heat can be harvested for living processes on worlds without efficient energy sources
[50, 57]. It affects the environment's habitability, as low temperatures dampen chemical
reactions and high temperatures destabilize complex molecules. Planets with mean
surface temperatures between 200 and 400 K have a 1 value. On Venus, near-infrared
windows contribute surface emission only on the nightside [58, 59], but are too narrow
and low in flux to detect at interstellar distance.

iii. Redox Chemistry

Spectrophotometry can detect a sufficient variety of compounds to indicate whether
energy yielding reactions in a regenerative cycle would be possible. The TPF should be
able to provide this information [60].

iv. Tidal Flexing

Internal heating is a significant source of internal heating in planets due to cyclic
variations in gravitational interactions. This can be predicted from factors like mass,
orbital characteristics, and proximity to other planets and central stars. Tidally locked
planets have lower habitability prospects due to the separation of extreme hot and light
conditions. Atmospheric circulation can transfer heat to the dark side, widening the area
of habitability [61]. Remote sensing techniques can determine if a planet is within a
tidally locked zone.

2.4.6. Chemical conditions

Polymeric chemistry is crucial for life, [62] and carbon has desirable chemical properties
and molecular bonding for biopolymer formation. It can form covalent bonds with
nitrogen, sulfur, phosphorus, and oxygen [63]. Silicon can also form polymers, but they
can be unstable over a wide temperature range. Organosilicates are a known
component of living systems [54, 64, 65]. Detecting organic compounds, such as
organosilicates or silicon polymers, is a positive indicator of the existence of
biomolecules. The presence of nitrogen, sulfur, and phosphorus further enhances the
probability of organic heteromolecules, which makes the presence of complex chemistry
more likely.

2.4.7. Liquid water

Liquids in the atmosphere, surface, or beneath the surface are determined by chemistry,
pressure, and temperature. Direct imaging can detect clouds, which can suggest
airborne liquids. Temperature and pressure values can also suggest liquids on the
surface. Direct imaging can detect surface liquids on exoplanets. Techniques such as
asynchronous rotation of magnetic fields with planetary rotation, as used to infer the
presence of subsurface oceans on icy satellites like Europa [66], may be tricky to apply
at a great distance. Geysers, as observed on Enceladus [67], give evidence of



subsurface liquids, but they too may be difficult to detect by direct imaging until
telescopes become much more powerful. Indirect inference from data on density,
chemical composition, surface temperature, and, if possible, surface pressure may be
the best hope for estimating the possibility of subsurface liquids.

2.5. Existing Atmospheric Models for Characterization
2.5.1. Components of Exoplanet Atmospheres
2.5.1.a. Molecular Detections and Abundances

Planetary atmospheres are primarily composed of molecules, with the relative
abundances of different species influenced by the planet's formation, evolution,
differentiation, atmospheric circulation, and photochemical processes. In equilibrium
conditions, CO and H,O are the most abundant and spectroscopically active species on
most giant exoplanets in solar-like abundances of 1000-2500 K temperatures [68, 69].
CO, is present in high metallicity environments at these temperatures, but its
abundance remains lower than CO for all but the highest metallicities [70]. CH4 and
NH3 become more abundant below approximately 1300 K and 700 K, respectively [68].
Various molecules detected by spectroscopy or broadband photometry are reviewed in
the following sections:

i. Spectroscopically Resolved Molecules

Exoplanets' atmospheric molecular abundances are most reliably detected and
measured through observations that resolve individual lines or the overall shape of
molecular bandheads. H, is the dominant constituent of most exoplanets studied, with
transiting planets revealing planet densities fit with significant H, envelopes [71].
Substantial H, can also be inferred from the Rayleigh scattering slope of a planet's
transmission spectrum [72], as seen in hot Jupiters and Neptune-sized GJ 3470b. H,
also makes itself known via continuum-induced absorption (CIA). CO is abundant in
giant, hot exoplanet atmospheres due to its regularly-spaced rovibrational lines, making
it easy to detect at high dispersion. H,O is roughly as abundant as CO in the
atmosphere (see Fig. 1) and sculpts their NIR spectra more strongly than CO. Medium-
and high-dispersion spectroscopy has detected the species in a growing number of
directly imaging planets [73-76] and hot Jupiters [77-79]. CH4 is expected to be less
abundant than CO in all but the coolest exoplanets studied to date, and even in cooler
planets, disequilibrium processes tend to decrease CH, abundance in favor of CO. The
most convincing spectroscopic detection of CH, to date is for the directly-imaged planet
HR 8799b. At temperatures around 500 K, NH3 becomes increasingly abundant, with
evidence in sub-equilibrium abundances in cool brown dwarfs and solivagant
planetary-mass objects [80-82]. At warmer temperatures of hot Jupiters, TiO and VO
could cause prominent features similar to those seen in M stars [83]. Tentative
spectroscopic evidence for TiO was reported in HD 209458b [84], but subsequent
high-dispersion spectroscopy shows no evidence of the molecule [85].



ii. Molecular Abundances from Broadband Photometry

Broadband data, obtained at multiple epochs, is more susceptible to calibration drifts
than spectroscopy, especially when comparing transit measurements when the host star
is variable or spotted [86-88]. Despite these challenges, broadband data are easier to
acquire than spectroscopy, so photometry has historically preceded dedicated
spectroscopic followup. The Spitzer/IRAC camera has observed photometric transits
and eclipses of more planets than any other facility, often working in conjunction with
ground-based imagers. However, revisions in early Spitzer photometry have led to the
suggestion that broadband transit photometry may be less precise than previously
claimed [89]. Plans to use these techniques to study habitable super-Earths'
atmospheres should be treated with caution [90, 91].

2.5.1.b. Carbon-to-Oxygen Ratios

Carbon and oxygen are the two most common elements in the Sun after H and He [92],
and they are expected to form a few dominant molecular species in the planetary
atmosphere when in chemical equilibrium. The carbon to oxygen (C/O) ratio of a
planet's atmosphere strongly affects the relative abundances of these molecules [93,
94] (see Fig. 1) and may hold clues to the planet's formation and evolution. Exoplanets
with a carbon-oxygen (C/O) ratio significantly different from their host star have not
been found. Medium-resolution spectroscopy of planets HR 8977b and ¢ shows their
atmospheres to be consistent with a solar C/O of approximately 0.65+0.1 [76, 95].
High-dispersion spectroscopy of Jupiter HR 179949b revealed a low-S/N measurement
of C/O= 0.5 +0.6 -0.4 [45]. Transiting gas giants also find no unusual C/O ratios.
However, additional eclipse measurements [96-98], accounting for a nearby M dwarf
binary [97, 99], and independent retrieval analysis demonstrated that existing data were
insufficient to justify claims of C/O>1 [100]. New measurements and a reanalysis of old
data and atmospheric retrieval have generated a counter-claim that WASP-12b does



show C/O>1 (though this last analysis ignored multiple data points not well-matched by
the data) [101].

2.5.1.c. Disequilibrium Chemistry and High Metallicity Atmospheres

The Solar System's atmospheres are not in chemical equilibrium and all exhibit higher
metallicity than the Sun. At high altitudes, photochemistry from the Sun's irradiation
induces new reactions, such as the formation of O; (ozone) from O, in Earth's upper
atmosphere [102]. Vigorous internal mixing can "quench" abundances, resulting in CO
observed in Jupiter's cold atmosphere. Gas giants in the Solar System become
increasingly enriched in heavier elements with decreasing mass. Disequilibrium and
elemental composition significantly shape local and exoplanetary atmospheres, with
most strongly affecting planets with temperatures above 2000 K [103, 104]. Cooler
planets may exhibit disequilibrium conditions, while hotter planets are near equilibrium.
The 3000 K WASP-33b is a possible high temperature outlier [105], warranting further
studies of this object.

i. In Transiting Planets

Disequilibrium chemistry and high metallicity in exoplanet atmospheres are discussed,
particularly in the thermal emission spectrum of Neptune GJ 436b. The planet's high
CO/CH, ratio could be attributed to a high-metallicity atmosphere. JWST eclipse
spectroscopy could demonstrate the impact of disequilibrium, high-metallicity, and
unusual abundance patterns on GJ 436b and other sub-Jovian planets [106].

ii. In Directly Imaged Planets

Directly imaged planets offer higher-quality data for detailed atmospheric chemistry and
disequilibrium studies than transiting systems. These young, hot planets exhibit higher
COI/CH, ratios than expected from equilibrium models and solar abundances [107-110].
However, molecular abundances for these systems are less frequently reported than
transiting systems. A more systematic analysis of these planets' atmospheric conditions
and molecular abundances would benefit the field [106].

2.5.1.d. Alkalis, lons, and Exospheres

Hot Jupiters have temperatures up to 3000 K on their day sides, as hot as some M
stars, at pressures of ~1 bar. At lower pressures, atmospheric density decreases until
local thermodynamic equilibrium is met. In the high-altitude exosphere, temperatures
can reach up to ~10,000 K, hot enough to split molecules and partially ionize constituent
atoms. Fig. 2 shows theoretical abundance profiles of some of the more common
species predicted to exist in these planets’ atmospheres [111]. Alkali species, such as
sodium, were the first constituents detected in hot Jupiter's atmosphere [112, 113].
Mass loss and high-altitude atomic species have been observed in a growing number of
short-period transiting planets using ultraviolet HST transit spectroscopy. Mass loss is
understood to result from hydrodynamic Roche lobe overflow of the planet's exosphere,



powered by the extremely high-energy X-ray and FUV flux of the host star. Atmospheric
mass loss from lower-mass planets is even less well studied than from hot Jupiters, with
only Ly a transit observations of hot Neptune GJ 436b and the ~2000 K sub-Neptune 55
Cnc e [106].

2.5.2. 1D Atmospheric Models
2.5.2.a. ATMOS 1D

i. Introduction

Clouds are essential in planetary radiative budgets, reflecting incoming star light and
absorbing thermal infrared radiation. Their dominant effect depends on factors like cloud
type, composition, altitude, surface temperature, and stellar spectrum. Clouds are
considered "grey" absorbers due to their wavelength-independent absorption. Some
1-dimensional climate models of early Earth and other planets are cloud-free, adjusting
surface albedo to reflect cloud albedo and mean surface temperature [114]. This
assumption is widely used in 1D climate models [115-126], which represent the
atmosphere in a single, horizontally homogeneous vertical column. The study [127]
demonstrates that clouds' effects can be simulated by tuning surface albedo, and mean
energy budgets deviate from observations for both shortwave and long-wave radiations.
The research uses this methodology to explicitly represent clouds in the Atmos 1D
climate model, improving its ability to represent cloud effects in future atmospheric
studies.

ii. Overview

The Atmos 1D climate model was utilized to simulate the climates of various rocky
planets, including Venus, Earth, Mars, and exoplanets. The model uses correlated-k
absorption coefficients from HITRAN 2008 and HITEMP 2010 databases for pressures
and temperatures. For Earth simulation, a 1976 US standard atmosphere with modern
greenhouse gases was considered. The model has historically been used to simulate
planets within the habitable zone [124].



2.5.2.b. Radiative-Convective Climate Model

i. Introduction

Scientists have been using computer models to study Earth's climate for the past three
decades. This work presents a physical climate model, a one-dimensional time
dependent radiative convective climate model (1D RCM), developed at the Oregon
Graduate Institute (OGI). This model is commonly used to study the impact of
increasing trace gas concentrations, particularly CO,, CH,, N,O, CC1;F, CC1,F,, and
other gases from human activities. The model is compared to other similar RCMs,
assessing its sensitivity to perturbations and strengths and weaknesses for other
modelling applications [128].

ii. Overview

Earth's climate is a complex system involving interactions between the sun,
atmosphere, biosphere, cryosphere, hydrosphere, and geosphere. Physical climate
models help simulate major features of the climate system and understand processes
that produce past, present, and future climates. Two important questions addressed
when modeling the Earth's climate are the change in mean global temperatures due to
perturbations in the climate system and the mean effect on regional precipitation
patterns resulting from climatic perturbations. The OGI 1D RCM fits into the climate
modelling hierarchy, including zero-dimensional or 1-box climate models,
one-dimensional (1D) climate models, two-dimensional models, and three-dimensional
general circulation models (GCMs). It includes 18 atmospheric layers and the Earth's
surface, solving for the vertical temperature structure of the Earth-atmosphere system
as the primary indicator of climate [128].

2.5.3. 3D Atmospheric Models

2.5.3.a. ECHAM 6

ECHAM is a general circulation model (GCM) developed by the Max Planck Institute for
Meteorology, a research organisation of the Max Planck Society. It was created by
modifying global forecast models developed by ECMWEF for climate research. The
model was given its name as a combination of its origin (the 'EC' being short for
'ECMWF') and the place of development of its parameterisation package, Hamburg.
The model resolves the atmosphere up to 10 hPa (primarily used to study the lower
atmosphere), but can be reconfigured to 0.01 hPa for stratosphere and lower
mesosphere studies. ECHAMG6 is the most advanced version of the ECHAM models.
The MPI Earth System Model (MPIESM) is a new version of ECHAMG, including land
vegetation model JSBACH, ocean GCM MPIOM, and ocean biogeochemistry model
HAMOCC. It has been developed on the basis of ECHAMS [129, 130], with significant
differences in land processes, radiation schemes, surface albedo computation, and



convection triggering conditions. The technical infrastructure has been significantly
modified to optimise computational performance on the current DKRZ high-performance
computer. JSBACH land vegetation model has been integrated into ECHAMG, including
parameterisations for physical aspects such as heat and water storage, photosynthetic
activity of plants, carbon allocation and storage in plants and soils, and soil respiration.
Reflective forcing in ECHAM6 has been modified, with the SW and LW schemes
replaced and the surface albedo scheme improved for sea, sea ice, and snow-covered
land. ECHAMG6 has been developed for resolutions T63L47, T63L95, and T127L95, with
spectral representations associated with Gaussian grids of approximately 1.9 deg and
0.95 deg resolution [131].

2.5.3.b. The STAGGER-Grid

Stellar objects' light provides information about their origin, but accurate interpretation
requires models of atmospheric layers at the star's surface. Late-type stars face
challenges in theoretical modelling due to convective motions, turbulent flows, and
magnetic fields. Accurately accounting for the interaction between radiative and
convective energy transport at the optical surface is crucial for accurately representing
temperature stratifications in outer layers. The first realistic grids of line-blanketed
atmosphere models for late-type stars appeared with the publication of MARCS and
ATLAS models. Subsequently, one-dimensional (1D) atmosphere codes, such as
PHOENIX and MAFAGS, were developed to model the atmospheres of stars. These
models assume hydrostatic equilibrium, flux constancy, and local thermodynamic
equilibrium (LTE), commonly employing the mixing-length theory (MLT). They commonly
employ the mixing-length theory (MLT), which is characterised by several free
parameters, such as the mixing-length Im or equivalently, the parameter ay,; = |,/Hp.

Constructing simple yet realistic 1D models of convection is difficult, especially
considering convective overshooting beyond the classical Schwarzschild instability
criterion [132, 133]. Semi-empirical models are almost exclusively used for solar
atmosphere modelling, inferring temperature stratification from observations.
Constructing more realistic models requires going beyond the 1D framework and
modelling convection without relying on MLT. For metal-poor late-type stars, it has been
shown [134-136] that, the assumption of pure radiative equilibrium in the convectively
stable photospheric layers of classical hydrostatic models is generally insufficient. 1D
models often overestimate temperatures by up to ~1000 K at very low metallicities,
leading to systematic errors in abundance determinations [137-140]. These
shortcomings manifest as inconsistencies in the analysis of observed spectra, such as
abundance trends with excitation potential of lines (e.g. analysis of NH lines in the very
metalpoor star HE1327-2326) [141] and discrepant abundances between atomic and
molecular lines involving the same elements. Surface effects point to mistakes in the
outer layers of theoretical 1D stellar-structure models [142]. 3D solar models have
predicted p-mode excitation rates closer to helioseismic observations [143, 144]. Stellar



radii have been derived for several red giants from interferometric observations, which
impact the zero point of the effective temperature scale derived by interferometry.
Several 3D magnetohydrodynamics codes have been developed and applied to the
modelling of stellar surface convection, such as the Stagger-code, Bifrost-code,
CO5BOLD, MURaM, and ANTARES. Most of the available 3D stellar convection codes
are highly parallelized, making it feasible to construct grids of 3D convection simulations
within a reasonable time-scale [145].

2.5.4. Role of Computational Methods in Exoplanet Studies
2.5.4.a. Computational Intelligence in Astronomy
i. Introduction

The advancement of technology in observational instruments in astronomy has led to a
significant increase in astronomical data, including high-dimensional and multi-modal
data. The Digitised Palomar Observatory Sky Survey (DPOSS) [146] generated 3 TB of
image data, while the Sloan Digital Sky Survey (SDSS) [147] has reached 40 TB. The
Large Synoptic Survey Telescope (LSST) is expected to generate 30 TB of data per
observation night, with 100,000 variable objects found every night. The data boom is
primarily due to the development of CCD technology, which allows for direct digitisation
of astronomical data into electronic documents, improving data collection efficiency
[148]. Large astronomical surveys have become the primary means for astronomers to
study the universe, presenting new scientific opportunities and challenges. The
data-intensive era of astronomy necessitates the focus on automated, efficient, and
intelligential techniques to mine large-scale astronomical data for scientific discoveries.
Computational intelligence (Cl) techniques can help solve complex problems in
astronomical data analysis, such as recognising known objects, discovering unknown
objects, and searching for rare objects [149].

ii. Artificial neural networks in astronomy

Artificial Neural Network (ANN) is a data-driven, self-adaptive computational intelligence
technique that approximates general nonlinear functions. It is easy to use and
understand, unlike other parametric models. Since its first astronomical application in
1990 [150], ANN has been widely used in tasks such as morphological classification,
photometric redshift evaluation, star/galaxy classification, stellar classification,
atmospheric parameters estimation, and pulsar candidate identification [149].

iii. Fuzzy set theory in astronomy

Fuzzy set theory, developed to describe linguistic expressions in daily life, has been
applied in fields like artificial intelligence, pattern recognition, control engineering,
decision theory, and expert systems. It imitates human thinking patterns, making it easy



to understand and suitable for realistic problems. Fuzzy methods have been successful
in astronomical data analysis since the 1980s, including solar activity prediction [151]
and classification tasks.

iv. Evolutionary computation in astronomy

Evolutionary Algorithms, based on Darwinism, are effective in handling complex
optimisation problems in astronomy. These algorithms generate a population of
individuals, each a solution to a problem. The quality of an individual is measured by its
fitness, and their effectiveness is attributed to their ability to handle large amounts of
data [152].

2.5.4.b. Data-driven approaches to estimating the habitability of exoplanets

Astronomy has gained significant attention in recent years, particularly in the exploration
of exoplanets [153]. These celestial bodies orbiting stars beyond our solar system offer
promising insights into the universe's complexities [154]. The advent of space missions
and telescopes has flooded the scientific community with vast data, but also presented
challenges in analysing this data. This has led to the convergence of astrophysics and
data science, with computational models and machine learning techniques
revolutionising the field [156]. The confluence of astrophysics and data science, as
highlighted by the reviewed literature [153-166], signifies an exciting frontier in scientific
research. This intersection opens up a realm of opportunities for the study and
exploration of exoplanets, offering new avenues to decipher the mysteries of the
universe.

2.5.4 c. Limitations

Exoplanet discoveries have increased significantly due to new telescopes, technological
advancements, and increased interest in exoplanet science. Despite the limited number
of stars observed in star clusters, there have been several detections of planets in open
star clusters, many with orbital parameters unlike those around field stars. As of this
work's publication, 34 planets have been observed within 10 Galactic open clusters. The
vast diversity of the planetary population is evident in these exoplanets, which display
the vast diversity of the planetary population. Understanding the origins of exoplanet
systems' orbital properties requires a detailed study of their dynamical histories.
Modeling the dynamics of planetary systems in star clusters is a complex problem due
to the different timescales involved [167].



3. Materials and Methods

3.1. Introduction and Overview

The pursuit of this project is set in exoplanet detection and habitability assessment,
using data from NASA's retired Kepler Space Telescope. Our primary goal is to apply
machine learning techniques to identify potential exoplanets within celestial datasets
and to assess their habitability based on a range of astrophysical factors.

The Kepler Space Telescope's database serves as the source of data for our research.
We have undertaken an approach using the application of advanced machine learning
models such as Random Forest Classifier and K-Nearest Neighbors (KNN) for the
accurate classification of these celestial bodies. In addition to detection, our project
extends into evaluating the habitability of exoplanets, employing criteria like planetary
radius, orbit semi-major axis, stellar surface gravity, and equilibrium temperature.

In this section, we will articulate the steps of our project, from the acquisition of data to
its preprocessing, which involved renaming columns for clarity, refining the dataset by
removing irrelevant columns, and ensuring data integrity by excluding rows with missing
or infinite values. We will also be discussing the software tools and libraries integral to
our research.

3.2. Software and Libraries

3.2.1. Programming environment

Our project is developed within Google Colab, a free cloud service based on Jupyter
Notebooks that supports Python programming. Google Colab is particularly
advantageous for machine learning and data science projects due to its easy access to
powerful computing resources, including GPUs and TPUs, and its seamless integration
with Google Drive for data storage and sharing.

3.2.2. Libraries and Tools

Our project relies on a selection of specialized Python libraries and tools, each
contributing to different aspects of the project:

1. Pandas and NumPy: Essential for data manipulation and numerical computing.
Pandas provides easy-to-use data structures and data analysis tools, while
NumPy supports large, multi-dimensional arrays and matrices along with a broad
collection of mathematical functions.

2. Matplotlib and Seaborn: These libraries offer versatile plotting capabilities.
Matplotlib is used for creating static, interactive, and animated visualizations, and



Seaborn, based on Matplotlib, provides high-level interfaces for drawing
attractive and informative statistical graphics.

3. Scikit-learn: This library is central to our machine learning tasks. It provides
simple and efficient tools for data mining and data analysis, including numerous
algorithms for classification, regression, clustering, and model evaluation.

4. TensorFlow and Keras: TensorFlow is an end-to-end open-source platform for
machine learning, and Keras is a high-level neural networks API running on top
of TensorFlow. They are used for building and training our advanced neural
network models.

5. PyTorch: An open-source machine learning library used for applications such as
computer vision and natural language processing, primarily developed by
Facebook's Al Research lab.

6. Scipy: Used for scientific and technical computing, this library contains modules
for optimization, linear algebra, integration, interpolation, special functions, FFT,
signal and image processing, and more.

7. Other Essential Libraries: Our project also utilizes a range of other libraries,
including 'torch' for PyTorch deep learning models, 'imblearn' for handling
imbalanced datasets, 'urlretrieve' from 'urllib.request' for data retrieval, and
'pathlib’ for path manipulation.

8. Machine Learning and Data Preprocessing Tools: We use various sklearn
submodules such as 'metrics', 'model_selection', 'preprocessing', '‘ensemble’,
'neighbors’, 'linear_model', 'cluster', 'tree', and 'svm' for different stages of
machine learning model development, preprocessing, and evaluation.

9. Additional Tools and Utilities: The project also makes use of 'warnings' to
manage warnings, ‘'keras' for deep learning model development, and
'categorical_crossentropy', 'regularizers', 'optimizers' from Keras for model
optimization and loss computation.

3.3. Data Collection and Processing

3.3.1. Data Sources

Our project primarily utilizes data from NASA's Kepler Space Telescope. This retired
space observatory, launched by NASA to discover Earth-size planets orbiting other
stars, has been a goldmine for exoplanet research. The Kepler mission's publicly
available data sets include a vast array of celestial observations, capturing numerous
potential exoplanets and various stellar parameters. This data is significant due to its
comprehensive coverage of over 150,000 stars in the Milky Way galaxy, leading to the
discovery of thousands of exoplanet candidates. By using this repository, we aim to
employ machine learning techniques not only to classify these candidates accurately
but also to assess their potential habitability.



3.3.2. Data Preprocessing

The preprocessing stage is crucial for preparing the raw Kepler data for our analytical
models. This phase involved several steps to ensure the data's quality and relevance:
Data Cleaning and Formatting: Our initial step involved renaming columns for better
clarity and understanding. The original dataset contained concise, sometimes cryptic
column names. We mapped these to more descriptive titles to enhance readability and
interpretability.

Q df - df.rename(columns={ kepid':'KepID®,

For instance:

'kepid' is renamed to 'KeplD', which stands for Kepler ID. 'kepoi_name' becomes
'KOIName', representing the Kepler Object of Interest name. ... and so forth for other
columns.

After renaming, we display the first few rows of the dataset (df.head()) to quickly inspect
the changes and view the data structure.

Feature Refinement: We refined the dataset by removing unnecessary columns. This
selective exclusion was guided by the relevance of the data to our objectives, focusing
on features critical for exoplanet detection and habitability assessment. Such
streamlining aids in computational efficiency and clarity.

o df.drop(columns=[ "K e’, "KOIName', "Eq iumTe atur nec. [K'

Handling Missing Values: We utilized Pandas functions to identify and eliminate rows
with NaN (Not a Number) or infinite values. Ensuring data completeness is vital for the



accuracy of machine learning models. The inplace=True argument ensures that the
changes are applied directly to the dataframe without needing to reassign it to a new
variable.

© df.drop(columns=["

Numerical Validation: We confirmed that all data points in the dataset were valid
numerical values. This step involved removing any non-numeric or infinite values,
ensuring that our dataset was primed for the subsequent analytical processes.

clean_dataset(df):
rt isinstance(df, pd.DataFrame), "df needs to be a pd.DataFrame"
df.dropna(inplace= )
indices to_keep = ~df.isin([np.nan, np.inf, -np.inf]).any(1)
return df[indices to keep].astype(np.float64)

clean dataset(df.drop(columns=[ "Ke

3.4. Methodology

3.4.1. Model Training and Evaluation

Each model underwent a training and testing process, where the dataset was split into
training and testing sets. The training set was used to train each model, while the
testing set was reserved to evaluate the model's performance and generalization
capability. We ensured that the data was split in a manner that reflects the real-world
distribution of classes, avoiding biases in training or evaluation.

Data Splitting: Our next step after data processing involves dividing the dataset into
two distinct sets: the training set and the testing set. Typically, we allocate a larger
portion of the data (60%) to the training set, with the remaining portion assigned to the
testing set. This separation is critical for evaluating the model's performance on unseen
data, ensuring it can generalize well beyond the data it was trained on. The
train_test_split function from the Scikit-learn library is instrumental in this process,
providing a randomized split while maintaining data integrity.

[ 1] X train, X test, y_train, y_test = train_test_split(features, target, random_state=1, test_size=.60)

for dataset in [y _train, y test]:
print(round(len(dataset)/len(target), 2))



Model Evaluation: Post-training, we assess the models' performance using metrics
such as accuracy, precision, recall, and F1 score. These metrics provide insights into
various aspects of the model's predictions, like its overall correctness (accuracy), its
performance in identifying positive cases (precision and recall), and the balance
between precision and recall (F1 score). The use of a confusion matrix further aids in
visualizing the model's performance in terms of true positives, false positives, true
negatives, and false negatives.

evaluation(y true, y pred):

{'E..:')
) ore(y test, y pred)
precisio -ision sc y test, y pred)
print( ! ccuracy_score(y test, y pred)))
print(‘Recall: ' str( 11 score(y test, y pred)))
print(‘F1 Scor ' str(f1 score(y test, y pred)))
print(‘P n: ' + str(precision_score(y test, y pred)))

print("\nCo

print(’ , , FMN,

print(confusion matrix(y true, y pred).ravel())
cm=confusion matrix(y true,y pred)

sns.heatmap(cm, annot= , fmt="d", cmap='Blues', cbar=

return accuracy, precision

(}\n'.format(results.best_params_))

3.4.2. Detection of Exoplanets

To identify potential exoplanets within the dataset obtained from the Kepler Space
Telescope, we employed a variety of machine learning models.

Random Forest Classifier: Known for its high accuracy, robustness, and ability to
handle large datasets with numerous variables, the Random Forest algorithm was a
natural choice. By constructing multiple decision trees during training and outputting the
class that is the mode of the classes of individual trees, it reduces overfitting risks and
offers a more reliable prediction.



forestl = RandomForestClassifier(n estimators=10@, criterion="gini')

=

forestl.fit(X train, y train)

y_pred = forestl.predict(X_test)

af,pf=evaluation(y test, y pred)

K-Nearest Neighbors (KNN): This model was selected for its simplicity and
effectiveness in classification problems. KNN works by finding the nearest data points in
the training set to a given data point in the test set and predicting the label based on
these neighbors. It's particularly useful for its ability to adapt as we collect more data.

°' knn = KNeighborsClassifier(leaf size=8, metric="manhattan',weights="uniform")

knn.fit(X train, y_train)

y_pred = knn.predict(X test)

ak, pk=evaluation(y test, y pred)

Logistic Regression: As a statistical model that predicts the probability of a binary
outcome, logistic regression was utilized for its efficiency and the interpretability of its
results. It's beneficial for understanding the influence of several independent variables
on a binary outcome.

1r = LogisticRegression(C=100, max iter=2006, class weight="balanced")

lr.fit(X train, y train)

y_pred = 1lr.predict(X_test)

alr,plr=evaluation(y test, y pred)




Decision Tree Classifier: Decision Trees were employed due to their intuitive nature
and ease of interpretation. These models mimic human decision-making processes,
making them straightforward to understand and explain. They are particularly useful for
binary classification tasks like exoplanet detection.

@ tree = DecisionTreeClassifier()

tree.fit(X train, y ftrain)

y_pred = tree.predict(X test)

at,pt=evaluation(y test, y pred)

3.4.3. Habitability Analysis

The habitability analysis of exoplanets forms a crucial part of our research, aiming to
assess the potential of these celestial bodies to support life as we understand it. This
assessment is grounded in the calculation of a habitability score, a numerical
representation derived from a set of astrophysical criteria considered essential for life.
Habitability Score Calculation

The habitability score is calculated through a function that evaluates each exoplanet
against specific criteria, with each criterion contributing points to the overall score. This
scoring mechanism enables a quantifiable assessment of each exoplanet's potential to
be habitable.

Key Criteria for Scoring:

1. Planetary Radius: We considered planets with a radius between 0.8 and 1.5
times that of Earth's. This range is indicative of planets that are likely to be rocky
and thus capable of sustaining an atmosphere, a fundamental requirement for
life.

2. Orbit Semi-Major Axis (Habitable Zone Check): The semi-major axis of an
exoplanet's orbit was evaluated against the habitable zone range, which depends
on the host star's temperature. The habitable zone, often referred to as the
"Goldilocks zone", is the range where conditions might be just right to allow liquid
water, a critical ingredient for life.

3. Stellar Surface Gravity: The surface gravity of the star influences the exoplanet's
climate and atmospheric retention. We considered a range that aligns with known
habitable conditions, specifically 4.0 to 4.9 in log10(cm/s?).

4. Equilibrium Temperature: A temperature range of 273K to 373K was chosen,
representing the range in which water can exist in liquid form.




5. Planetary Density/Type of Planet: The density of the planet helps distinguish
between rocky planets, gas giants, and mini-Neptunes, with rocky planets being
more likely to be habitable.

6. Radiative Flux/Insolation: This criterion assesses whether the planet receives a
sufficient amount of stellar energy (insolation) to support life, considering the
star's temperature and distance.

7. Eccentricity: Stable, nearly circular orbits (eccentricity <= 0.2) are favored as they
are more likely to support stable climatic conditions.

8. Obliquity: The axial tilt of the planet affects its climate and seasonality. A tilt within

45 degrees is considered potentially conducive to stable seasons.

habitability_score(exoplanet):
import math
score = @

min_planetary radius = 0.8
max_planetary radius =

if min_planetary radius <= exoplanet[ PlanetaryRadius[Earthradii’] <= max_planetary radius:
score += 1

is in habitable zone(stellar temp, semi major axis):
if 8.1 <= semi_major_axis <= 5:
return 1

return @

if is in habitable zone(exoplanet| 'stellartffec mperature[K' ], exoplanet[ 'k
score += 1

if 4.0 <= exoplanet[ 'stellarsurf
score += 1

exoplanet[ 'EquilibriumTemperature[K'] <= 373:
+= 1

if exoplanet[’Plane Earthradii’]<=1.5
score +=1

elif 1.5<exoplanet["Plane
score +=0.5

fmax=(5.670374419*math . pow( *math.pow(exoplanet[ 'StellarEffect perature[K'],4))/(4*math.pi*(exoplanet[ "koi_dor"]*exoplanet[ "koi_srad']))
if 67 <= exoplanet['Insolat arthflux'] <= fmax:
score += 1

if exoplanet['ko
score += 1

if (90-exoplanet['koi incl']) <
score += 1

return score




Rationale Behind the Chosen Parameters

The parameters for habitability assessment were chosen based on current
astrobiological understanding and research on what makes a planet potentially
habitable. These parameters collectively contribute to a holistic evaluation of an
exoplanet's environment, factoring in both planetary and stellar characteristics that are
believed to be crucial for supporting life.

Visualizing Habitability Score

To effectively communicate the results of our habitability analysis, we employed bar
chart visualizations.

Bar Chart for Habitability Scores: We created a bar chart to display the frequency of
each habitability score obtained by the exoplanets. This chart allows us to assess the
number of exoplanets that meet various levels of our defined habitability criteria,
highlighting those with scores that suggest a higher likelihood of being habitable.

Bar_charts for individual conditions: Additionally, we plotted individual habitability
conditions to understand better how exoplanets fared against each specific criterion. For
each condition, a bar chart was created to show the number of exoplanets falling within
and outside the habitable range defined for that particular condition. These charts offer
detailed insights into specific areas where exoplanets meet or fail the habitability
criteria, aiding in a more nuanced understanding of their potential to support life.




Planetary Radius Orbit Semi-Major Axis

Stellar Surface Gravity Equilibrium
Temperature



Planetary Density Radiative Flux

Eccentricity Obliquity



3.5. User Input and Interactive Features

Our project integrates interactive features that enable users to input specific parameters
and receive immediate predictions or analyses regarding exoplanet detection and
habitability assessment. This user-centric approach enhances the application's
educational and research value.

3.5.1. Exoplanet Detection Interactive Features

Function Overview: The exoplanetprediction function is an interactive feature
allowing users to input key characteristics of a celestial object. The function then
utilizes the trained Random Forest model to predict whether the object is an
exoplanet.

User Input Mechanism: The function prompts the user to enter values for various
parameters like orbital period, planetary radius, stellar temperature, etc. These
inputs are crucial for the model to make accurate predictions.

Data Handling: The entered values are structured into a pandas DataFrame,
mirroring the format used during model training.

Model Interaction: The user-provided data is fed into the Random Forest model,
which then classifies the object as an exoplanet or not based on learned
patterns.

Output Presentation: The function outputs a clear statement, informing the user
whether the celestial object fits the criteria of being an exoplanet, enhancing the
interactivity and utility of the application.



exoplanetprediction(iv):

input_features
' ul




input data = {
c=0
for feature in allfeatures:
if feature in default features:
input data[feature] = [@]
else:

if len(iv)==0:

value = float(input(f"{feature}: "
input_data[feature] = [value]

if len(iv)==17:
value = float(iv[c])

input_data[feature] = [value]
c+=1

input _df = pd.DataFrame(input data)

predicted label = forestl.predict(input df)

if predicted label[®
print("Tt st

print(“The celestia

3.5.2. Habitability Assessment Interactive Function

e Function Purpose: The habitabilityprediction function lets users input data for a
potential exoplanet candidate. The function evaluates the habitability score
based on predefined habitability criteria.



e |nput Flexibility: Users can either input data manually or provide a pre-compiled
list of parameters. The function accommodates both methods, offering versatility
in data entry.

e Data Conversion and Analysis: Inputs are converted into a DataFrame and
processed through the habitability scoring function, which quantitatively assesses
the exoplanet's potential for habitability.

e Habitability Score Display: The final output is a percentage score that indicates
the likelihood of the exoplanet being habitable, based on the entered parameters.
This score is a valuable tool for both educational purposes and preliminary
habitability assessment.

habitabilityprediction(inputdata):
if len(inputdata)==0:

print("Enter the
planetary radius

orbit semi_major_axis
stellar surface gravity
equilibrium temperature
planetary density = float(1i
radiative flux
eccentricity

obliquity = 9@

koi dor = f1

koi srad =

planetary radius = fl ‘inputdatal@])

orbit semi_major_ax nputdata[1])
stellar surface gravity = nputdata[2])
equilibrium temperature = nputdata[3])
planetary density = float(inputdata[4])
radiative flux t(inputdata[5])
eccentricity oat(inputdatal6])

obliquity F (1nputdata[7])

koi dor = inputdata[8])

koi srad = inputdata[9])

ii': [planetary_radius],

)': [stellar surface gravity],



stellar_surface_gravity float(inputdata[2])
equilibrium temperature inputdata[3])
planetary density = fleoat(inputdatal4])
radiative flux

eccentricity =

obliquity

koi_dor =
koi_srad = f
stellartemp

data
[planetary_radius],
t_semi_major_axi
) g’ m/ )": [stellar_surface_gravity],
quilibrium temperature],
planetary density],
h [radiative flux],
: [eccentricity],
[obliquity],

":[stellartemp]

candidate_df = pd.DataFrame(data)

candidate df['H abil ] = candidate df.apply(habitability score, axis=1)
print(f"The t {int(1e@*candidate df["Habitability 1.iloc[e]/

The integration of these interactive features not only serves to engage users but also
provides a practical application of theoretical concepts.



4. Hypothesized Results

4.1 Exoplanet Detection

For exoplanet detection, we divided the data into x_train, x_test, y train, and y_test,
using 40% for training and 60% for testing. Then, we tested four models and obtained
the highest accuracy (~96%) in the Random Forest Classifier.

4.1.1 Logistic Regression Model

E Evaluation Metrics:
Accuracy
Recall:
F1 Score

Precision: @

Confusion Matrix:
TN, FP, FN, TP
[1713 545 339 2885]




4.1.2 KNN Model

FP, FN, TP
569 364 2860]

4.1.3 Decision Tree Classifier

[3 Evaluation Metri

Confusion Matrix:
TN, FP, FN, TP
[ 1 15 164 -




4.1.4 Random Forest Classifier

Evaluation Metrics:

Accuracy: 1131994874
Recall: @.¢ 3471947

F1 Score: 1592646751618968
Precision: 9.9716462124418113

Confusion Matrix:
TN, FP, FN, TP
[2191 67 128 2296]

The random forest classifier gave an accuracy of ~96% and a precision of 97%. There
were 2296 true positives, 2191 true negatives, 128 false negatives, and 67 false
positives. Hence, the error percentage was only 4.4%.

4.1.5 Total Exoplanets Found

Out of the 7803 celestial objects
with appropriate data available,
4068 exoplanets were detected.



4.2 Comparison of the various models

The highest accuracy and precision were obtained in the Random Forest Classifier
model.

4.3 Exoplanet Habitability Potential

According to our model developed for exoplanet habitability potential, every detected
exoplanet is analyzed and given a score between 0 to 8, depending on its
characteristics like the equilibrium temperature, orbit semi-major axis, obliquity, etc.
Then, that score is converted to a percentage to determine the potential for habitability.

4.3.1 Obtained Results for Habitability Potential (between 0-8)



Here, it is important to note that liquid water is an essential condition required but since
the temperature largely differs on various exoplanets and may even cause ice to exist
underneath the surface, we have not removed exoplanets without a temperature
between 273K to 373K. Moreover, no exoplanet has a perfect score of 8, because till
now no habitable exoplanet satisfying all conditions of life has been found.

4.3.2 Using Al for Score Prediction

We again divided the dataset into x_train, x_test, y_train, and y_test, with 40% for
training and 60% for testing. We texted with two models, KNN and Random Forest
Classifier.

4.3.3 KNN Model

KNN Model Evaluation:
Accuracy: 8.53

Confusion Matrix:
([ 3 1

[ 7@
8938
177 287
320

13

) =]
[d

=
o d

[
[
[
[

[ax)

Classification
precision TR tersal The accuracy was only
53% in this case.

accuracy
macro avg
weighted avg




4.3.4 Random Forest Classifier

Random Forest Model Evaluation:
Accuracy: 0.98

Confusion Matrix:
I 3 1 e e o]
[ g G %] 1 o]
6 %] o]
487 10 0]
2 499 3]
1 6 5711

Classification Report:
precision recall fl-score  support

.67 8.33
.98 8.95
.98 8.99
.98 .96
.97 8.99
.95 .89

accuracy
macro avg

weighted avg

An accuracy of 98% was obtained here.

4.3.5 Comparison of the Models

Hence, for both exoplanet detection and habitability potential, the random forest
classifier resulted in the highest accuracy.



4.4 Exoplanet Detection Using User Input

The Random Forest Classifier method was then used to predict exoplanets for
user-input celestial objects too. The function was tested out for existing case studies like
Kepler-12 b and K07622.

v CASE STUDIES

Here we will check how accurate our detection model is by passing the variables of some already identified and confirmed exoplanet and some
non-exoplanets. Our model should print a statement that says, "The celestial object is an exoplanet.” if we pass an exoplanet, otherwise it will
print "The celestial object is not an exoplanet.”

v Kepler-12b

o [113]
keplerl2b=[ 171 4.69, s 18 3 6, 1, 5 4.175, 1.415,
exoplanetpred (

The celestial object is an exoplanet.

v Kepler-441 b

o [114]
keplerd44ib=[8
exoplanetpredic

The celestial object is an exoplanet.

v K07622

o [115]
. 15.544]

The celestial object is not an exoplanet.

4.5 Exoplanet Habitability Prediction Using User Input

Similarly, the potential for habitability of existing exoplanets was also tested.



v CASE STUDIES

Here we will check how accurate our model us by running the variables of some already identified and comfirmed exoplanets. The model will
return a statement which will tell us how habitable (in percentage) the exoplanet we passed through it is.

v Kepler-296 e

[117]

The exoplanet has a 62% potential of being habitable.

v Kepler-186 f

[118]
kepleridef=[
habitabilityprediction(kepl

The exoplanet has a 75% potential of being habitable.

Link to the project: https://github.com/JahanviChamria/ExoplanetResearchProject


https://github.com/JahanviChamria/ExoplanetResearchProject

5. Discussion

In the report above, we discussed the various properties of exoplanets and exoplanet
atmospheres, which make them habitable. We also discussed the basics of exoplanet
sciences, detection methods, various models and history of achievements in exoplanet
detection. The main criterion to determine if these planets are habitable is whether they
lie in the habitable zone of their corresponding star. Taking into account these properties
and the available data, a program using artificial intelligence was designed to help
detect habitable exoplanets and conduct a comprehensive analysis.



6. Conclusion & Future Outlook

Till now, the search for habitable exoplanets has been guided solely on the basis of
similarity to the Earth and the presence of Earth-like conditions, but we may also find
exoplanets different from Earth possessing the ability to sustain life. This process will
become much more efficient with the development of more tools and projects to view
and analyze not only the stellar and planetary conditions but also the atmospheric
conditions of exoplanets light years away. In our project, we have also used Earth as
the standard for determining potential exoplanet habitability, but Al algorithms have
made the process more accurate. Despite the absence of atmospheric data for a
considerable number of exoplanets, there exists substantial promise for groundbreaking
discoveries in this field.
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