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Abstract

The detection of exoplanets through direct imaging has become increasingly fea-
sible with the advent of modern telescopes like the James Webb Space Telescope
(JWST) and its MIRI coronagraph. These instruments have significantly expanded
the availability of high-quality direct imaging datasets, offering new opportunities for
astronomical research. However, despite these advances, traditional machine learn-
ing methods, such as Convolutional Neural Networks (CNNs) and Graph Neural
Networks (GNNs), face limitations when applied to exoplanet detection. These lim-
itations include difficulties in detecting exoplanets that are faint and often obscured
by the bright light of nearby stars, as well as challenges posed by small and imbal-
anced datasets. To address these challenges, this thesis introduces a novel machine
learning approach that leverages contrastive learning and few-shot learning. Con-
trastive learning is used to improve the distinguishing ability of the model focusing
on separating different celestial objects such as exoplanets and stars. It learns repre-
sentations that distinguish between these objects despite the high noise, low contrast
and complex nature of astronomical images. In addition, to address the problem of
few training images, the approach called few-shot learning is used to achieve good
results even when only a few pixel-labeled images of exoplanets are available. The
components of the proposed framework include integration of contrastive learning
with ResNet18 and Siamese Networks followed by experimenting with two YOLO
models. The decision to increase the model’s complexity going to provide higher
accuracy over the simple method in processing noise contexts or in the limited avail-
ability of exoplanet instances. Through the sophisticated learning methodologies
presented in this work, our model achieved an accuracy of 92.16%, significantly en-
hancing detection capabilities. By utilizing YOLOvV5, our approach also achieved
high performance in Dice Coefficient (1.0 for star and 0.9 for exoplanet) and Inter-
section over Union (IoU) metrics (1.0 for star and 0.8 for exoplanet), underscoring
the model’s effectiveness in direct imaging exoplanet detection. This advancement
not only contributes to current astronomy efforts but also enables more powerful
discoveries in the future.

Keywords: Exoplanet detection, direct imaging, James Webb Space Telescope
(JWST), MIRI coronagraph, machine learning, contrastive learning, few-shot learn-
ing, Convolutional Neural Networks (CNNs), Graph Neural Networks (GNNs), Siamese
Networks, YOLOv5, YOLOvV7, astronomical imagery, celestial object classification,
ResNet18.
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Nomenclature

The next list describes several symbols & abbreviation that will be later used within
the body of the document

AstrolmageJ A software used for astronomical image processing, particularly for
pre-processing FITS files

Coronagraphic Imaging A technique used to block out the bright light from stars
to better detect the surrounding exoplanets

Ezoplanet A planet that orbits a star outside the solar system

F2300C" A specific filter used by MIRI to isolate infrared wavelengths for better
exoplanet detection

FITS Flexible Image Transport System format, a standard data format used for
astronomical data

JWST James Webb Space Telescope, a space telescope used for astronomical ob-
servations

LY OT 2300 Another filter used with the MIRI instrument for coronagraphic imag-
ing

MIRI Mid-Infrared Instrument on the JWST, used for detecting exoplanets and
stars through coronagraphic imaging
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Chapter 1

Introduction

Exoplanet detection has long been a cornerstone of astronomical research, providing
insights into planets beyond our solar system and their potential for habitability.
Historically, exoplanet detection relied on indirect methods like transit photometry
and radial velocity due to the lack of direct imaging capabilities. However, the re-
cent advancements in space-based telescopes, particularly the James Webb Space
Telescope (JWST) and its MIRI coronagraph, have enabled the capture of high-
quality direct images of exoplanets and their host stars. These advancements have
created a unique opportunity to leverage large datasets of direct imaging for machine
learning applications.Despite the availability of these images, the task of detecting
exoplanets remains challenging. Exoplanets often appear as dim objects located near
much brighter stars, making their detection difficult even in high-resolution images.
Traditional machine learning approaches, such as Convolutional Neural Networks
(CNNs) and Graph Neural Networks (GNNs), have been employed to enhance de-
tection, but limitations persist in terms of accuracy and generalization due to the
faint and complex nature of the data.

This thesis aims to address these challenges by employing advanced machine learn-
ing techniques, such as contrastive learning and few-shot learning, to improve the
detection of exoplanets in direct imaging data. The following sections outline the
specific problem this thesis addresses and the objectives it seeks to achieve.

1.1 Problem Statement

Detecting exoplanets which are planets outside our solar system, is a significant sci-
entific discovery that helps us understand the universe better. While various meth-
ods like the transit method and radial velocity have successfully discovered many
exoplanets, direct imaging has faced notable challenges. Traditional techniques such
as coronagraphy, starshade, and adaptive optics are limited by their inability to ad-
equately separate the light of exoplanets from the overwhelming brightness of their
host stars. This has resulted in the detection of only a few exoplanets through direct
Imaging.

With the help of subsequent improved telescopes like the James Webb Space Tele-
scope (JWST) and its MIRI coronagraph it has become possible to obtain high
quality direct images of exoplanets and stars. Modern technological developments



have generated an immense volume of direct imaging information: it remains an
uncharted area. But yet, the direct imaging of exoplanets is still not an easy job.
Transiting exoplanets are typically low signal to noise candidates that are indistin-
guishable from stars in terms of brightness and appearance. Several advances of
Machine learning classifiers have been used in the past to improve detection pro-
cesses, including CNN and GNN. Being based on these models the results have
appeared promising for classification and detection of exoplanets, however, such
models are restricted for direct imaging data because of such factors as low bright-
ness of exoplanets and high scatter of images. In response to these challenges, this
thesis presents an innovative solution through the use of a state of the art machine
learning methodologies such as contrastive learning and few-shot learning. These
methods are meant to increase the amounts of detected cases by models, particu-
larly in situations when data is sparse or severely unbalanced. Overall, this research
intends to apply the contrastive learning into the improvement of ResNetl8, and
Siamese network with an intention of increasing the detection of stars and exoplan-
ets in cases of noisy and limited data.

1.2 Research Contributions

The aim of this thesis is to develop a efficient machine learning framework that sig-
nificantly improves the detection of exoplanets from direct imaging data by utilizing
techniques such as contrastive learning and few-shot learning. This Research address
the challenges faced by traditional exoplanet detection methods, such as coronag-
raphy and starshades, which often struggle to detect faint exoplanets close to their
host stars due to the overwhelming brightness of the star. The Contributions are as
follows:

o We introduced a Contrastive Learning Approach which implement contrastive
learning to improve the model’s ability to differentiate between celestial ob-
jects, particularly exoplanets and stars, in complex, noisy images. This Con-
trastive Learning Architecture works well for the dataset we have used.

o Incorporate few-shot learning techniques to address the challenge of limited
exoplanet data by enabling the model to generalize well from a small number
of examples.

e We have applied YOLOv5 and YOLOv7 for the detection model that not only
identifies exoplanets but also accurately locates them in direct imaging data,
accounting for their faint and dim nature in the presence of nearby stars.

» Extensive Simulations on well known dataset, JWST MIRI coronagraph[36]
demonstrate the learning performance (i.e., 92.16% generalization) of the pro-
posed approach which is our Contrastive Learning architecture. Simulation
result depict significant gain in system performance of 0.17% as compared
to the base line; and hence, ensuring low-latency model aggregation or fast
knowledge acquisition.



1.3 Report Organization

The rest of this paper is structured as follows. Section 2 provides details on the
different methods used for exoplanet detection and machine learning approaches for
this detection. Section 3 outlines the methodology of our proposed model in detail.
Section 4 discusses the performance evaluation metrics of different models along
with our proposed model. Lastly Section 5 concludes the paper.



Chapter 2

Literature Review

The discovery of exoplanets, planets orbiting stars outside our solar system, has
enabled us to learn a new range of things about the universe. Since then, several
methods of detection have emerged; each helping to move the search for distant
worlds into the future. These traditional approaches like the Transit Method and
Radial Velocity (RV) Method have been key in early discoveries of exoplanets, es-
pecially through Kepler and TESS. More precision in detection and analysis of nu-
clear materials is made possible by modern techniques which incorporate machine
learning (ML) algorithms as data complexity increases. Fortunately, planets that
might have otherwise gone undetected have been newly found with Complementary
methods such as Direct Imaging, Astrometry, and Gravitational Microlensing. This
literature review discusses the evolution of detection of exoplanets with these meth-
ods, with an emphasis on the integration of computational tools and ML techniques
that are transforming the field.

2.1 Transit Method

According to Malik and Jara-Maldonado [21][18], the transition from transit detec-
tion to machine learning approaches to aid in exoplanet discovery is a major shift
in astronomy research. The ML techniques offer new choices to supplement travel
strategies, delivering more exact discovery results and greater capacity to identify.
Transit strategies assumed a pivotal part in missions, for example, Kepler and TESS
which collected monstrous information; Malik et al gave extra proof. The team led
by Jara-Maldonado developed a method for successfully searching for planets that
have endured the test of time. The library utilizes highlights of T'SFresh to direct
research as well as training to gather subtleties from light bends as well as inclination
supporting classifiers for both practice and examination setting. Furthermore, these
devices were utilized to remove highlights utilizing light bends and as slope sup-
porting classifiers. Jara-Maldonado offers an outline of various AI (ML) strategies,
for example, profound learning and multiresolution examination which have encoun-
tered critical progressions in the field starting around 2011. Her show exhibits how
progressions in software engineering have extraordinarily worked on the exactness
and viability of searching for exoaplanets. Random Forest Classifiers (RFCs) and
Convolutional Neural networks (CNNs) Two computer-aided learning (ML) meth-
ods used for Exoplanet Detection, have proven great promise as techniques. Jones
et al. [12] released two of these approaches that have highlighted the successes. RFC



has efficient ways of handling large-scale transit survey data with high accuracy, and
includes priority and feature filtering that ensure accurate detection of signals from
exoplanets and reduce false positives. Smith and his colleagues [12] have shown the
power of CNN to analyze light curve data. the ability of CNN to process huge quan-
tities of information that resembles images was vital in understanding differences in
the brightness of stars that indicate the transit of exoplanets. In the end, these ML
methods represent a significant advance in the study and detection of exoplanets to
gain more insights on distant worlds.

Chintarungruangchai as well as Jiang have created and evaluated a two-dimensional
convolutional neural network (2D-CNN) method for the detection of exoplanet-
exoplanet transits using light curves of Kepler Data Release 25 as input data [16].
The researchers conducted extensive tests with various deep learning models with
special attention of using 2D-CNN with phase folding to provide an advanced en-
hancement of transit signals method when the folding times are different from transit
time. This study explored various areas of Al and machine learning including logis-
tic regression as well as feature extraction, and the effect of signal-to-noise ratios on
the performance of models. Researchers investigated what transit phases affected
the accuracy of detection. CNN models that fold proved to have excellent accu-
racy despite change in transit phases, offering an impressive proof of deep-learning
techniques that are applied to data from exoplanets for detection of exoplanets.
This study is both an accomplishment and proof of concept as Exoplanet Discovery
Tools. Astro ImageJ was widely utilized in Lydia Shannon and colleagues’ research
project called Exoplanet Transits: Light Curve Photometry [3]. Their research pa-
per demonstrates its utility. Imagel’s version for Astro was essential for creating
exact light curves for target images and Astroimagej photometry software helped in
identifying and analyzing targets as well as comparator stars easier and facilitated
the extraction of vital data from the stars. Astro ImageJ was a key element of
this project’s accomplishment by providing an advanced method of analyzing light
curves using geocentric Julian dates for the index and the stars of the comparator as
its y-axes. Astroimagej ability to create light curves provided researchers with valu-
able information about characteristics of exoplanets, such as the dimensions, transit
times and orbital properties which they were studying in this research project.

2.2 Radial Velocity Method

One of the primary methods which have dominated exoplanet detection: the ra-
dial velocity (RV) method, measuring the wobble of a star caused by an orbiting
planet. While powerful, each method has limitations. RV is impactful at detecting
massive planets close to their star, but struggles with smaller, distant ones. There
are some techniques or packages that are being used to do the exoplanet detection.
The paper "RadVel: The Radial Velocity Modeling Toolkit” by Benjamin J. Fulton
and others did a study that focuses on RadVel, an open-source Python package
for modeling Keplerian orbits in radial velocity (RV) time series data. RadVel is
designed to assist in the detection and characterization of exoplanets using the ra-
dial velocity method.RadVel’s design is detailed, including its parameterization and
Bayesian inference approach [7]. This underpins the software’s ability to effectively
model and interpret radial velocity data.Although it needs to update and enhance



RadVel’s capabilities, suggesting areas like Gaussian Process noise modeling to be
incorporated [7].

In the search for exoplanets, using radial velocity, another technique which is the
precise radial velocity (PRV) method, has a good potential. It helps obtaining bulk
density and thereby understanding the structure and composition of transiting ex-
oplanets [10]. But this needs to be more improved in future because of the need
for more photons (larger telescopes), more stable spectrographs, better calibration,
and improved correction for stellar jitter to push towards the detection of Earth-like
exoplanets. It also calls for long-term commitment and investment in PRV surveys
and technology development [10]. PRV is a powerful method for detecting exoplan-
ets, particularly when used in addition with other methods like transit photometry,
enabling a more good understanding of exoplanetary systems.

2.3 Direct Imaging Method

Using machine learning to find exoplanets is a major departure from existing tech-
niques. The results of several studies are compiled in this review to show how
effective they are as tools for astronomical research.

Direct imaging techniques have proven to be one of the most useful in locating
exoplanets that are brighter than the host stars [4]. When locating exoplanets using
this method, the primary selection criteria are spatial separation and brightness ra-
tio. It performed better than other approaches. Direct imaging has garnered a great
deal of praise from the scientific community for its reliable mapping and analysis of
exoplanetary elements.

Deep learning is a crucial strategy when it is combined with direct imaging to
address exoplanet detection issues like weak signals or insufficient data for super-
vised learning [20]. In order to train CNN to locate planets in direct imaging data,
researchers have created synthetic datasets using GAN. Deep learning has greatly
improved the detection of faint signals, which is difficult for traditional methods.
This study shows how the use of CAM (class activation maps) to target exoplanet
discovery through machine learning has transformed direct imaging.

On the other hand, identification of exoplanets is challenging in high contrast en-
vironments. But it has advanced substantially. One significant tool has been the
clever fusion of statistics and deep learning known as PACO.In this framework, spe-
cialists have gotten PACQO’s reliable contraptions nearby the latest levels of progress
in huge learning [29]. This procedures with how we could unravel objects in space
past our enormous structure by unequivocally finding exceptional bodies. With this
one’s receptiveness, the assessment of far off magnificent bodies in space has ad-
vanced further.

Like this, one evaluation of the revelation of exoplanets used joining high-offset
imaging with reiterated data to consolidate the information. This technique was
effective for measuring high-balance pictures with express datasets and worked with
issues like spot models and feeble signs [9]. The tremendous impacts that human
information has had on the investigation of cosmology, especially on the assessment



and receptivity of exoplanets, should be visible in this framework. This ability is
changing our perception of the world and the manner in which we research distant
excellent articles.

Moreover, CNN alongside the specialized Starshade imaging technology can be used
to search for exoplanets. But in such cases, problems like weak signals and complex
patterns may arise. But to tackle such problems in exoplanet images we employ
a new CNN architecture called U-Net. Some researchers trained these CNNs on a
synthetic dataset and found that they outperformed conventional methods and sug-
gested that CNNs could transform the way we analyze exoplanet images[28]. The
usefulness of CNNs for this kind of research was also discussed in the paper "Exo-
planet Detection from Starshade Images Using Convolutional Neural Networks.”

Our methods for finding exoplanets have improved as a result of these studies.
These researchers have increased the effectiveness and precision of the search for
far-off celestial objects. It helped us advance our understanding of astrophysics by
combining deep learning techniques and direct imaging. As we discover more exo-
planets to study, combining traditional astronomy with computational technologies
will open up new and exciting avenues for universe exploration.

2.4 Astrometric Method

Astronomic Approach primarily focuses on the integration of Machine Learning
(ML) algorithms and big data tools in astronomical research, particularly in astrom-
etry for detecting extrasolar planets. The significant advancement in astronomical
data size and complexity necessitates the development of data-driven science. Ma-
chine learning algorithms have become increasingly popular among astronomers for
a variety of tasks due to the rapid growth in data volume and complexity in astron-
omy [15]

Astrometry, the precise measurement of a star’s position in the sky, is crucial for de-
tecting the gravitational influence of orbiting planets. The shift from ground-based
telescopes, limited by atmospheric interference, to sophisticated space missions like
ESA’s Gaia has been monumental. Thousands of gas giant planets have been dis-
cover by Gaia’s mission, with its capacity for highly precise measurements [6]

In the documents we chan see that there are various aspects of astronomical de-
tection, which includes the types of data required, the methodologies for extracting
and modeling the planetary signals, and significance of detections. It highlights the
application of both monopupil and diluted-aperture telescopes and covers all the
advanced methods in astrometric analysis applicable to various observational modes
33]

The angular position of a star as measured by instruments, varying from one-
dimensional measurements in missions like Hipparcos and Gaia to two coordinates
on ground-based telescopes is a mater of concern of The observable model in as-
trometry. In this model, we can see the optical path-length difference between
interferometer arms in instruments like NASA’s SIM or the HST FGS. With space-



based measurements which offers the freedom from atmospheric turbulence [24],
These measurements can be executed in wide-angle or narrow-angle modes

Instrumental, atmospheric, and astrophysical noises are affected by astrometric data.
Accurate modeling to eliminate or reduce these noises is very important to en-
hance the precision of astrometric measurements. Instrumental noise which indicate
random photon errors and systematic errors, while atmospheric noise encompasses
effects like differential chromatic refraction (DCR) and atmospheric turbulence. As-
trophysical noise which arises from the target environment, also significantly affects
precision [27].

Applying both observable and noise models to data is involved in The estimation
process in astrometry. Search techniques, hypothesis testing, and parameter esti-
mation, often utilizing a generalized least-squares method is include in this process.
Aso it includes matching the data with model parameters, accounting for deviations
using the noise model. Approaches like Iterative approaches are necessary for deal-
ing with non-linear functional forms in the observable model [8],

It is confirmed by the Ground-based astrometric experiments that the limitations
of monopupil telescopes to milliarcsecond precision. Experiments have shown at-
mospheric precisions and the impact of using dense star fields as reference frames.
Long-baseline optical /infrared interferometry experiments have demonstrated more
acurate results in terms of wide-angle astrometric precision [31].

Space-based experiments like the HST FGS and the Hipparcos satellite have signifi-
cantly advanced astrometric measurements. Various calibration and data-reduction
procedures have been implemented by them to reduce the error percentage in as-
trometric reference frames. The probability of finding a suitable reference star for
planet searches and the technological goals of space-borne instruments like SIM and
Gaia have been discussed, highlighting their aim for high precision in measurements
[26]. Because of the exploration of astrometry, detecting exoplanets has evolved
significantly, starting from ground-based observations to highly precise space mis-
sions. Because the machine learning algorithms and big data tools are introduced
to this experiments, we can see the improvement in effectiveness of astrometric ob-
servations, enabling astronomers to extract meaningful data and contribute to the
understanding of planetary systems beyond our own. Astrometry stands as a tes-
tament to human ingenuity and the relentless pursuit of knowledge, continuously
evolving and promising new insights about our universe .

2.5 Gravitational Microlensing Method

In the study, Christie demonstrates how gravitational microlensing can be used to
detect exoplanets using small (0.35m) telescopes and CCD cameras. By observing
high-magnification events that are sensitive to the presence of planets, it emphasizes
that even small telescopes can contribute significantly to the detection of exoplan-
ets[1]. One impediment noted in the review is the test of seeing in metropolitan
regions with light contamination and frequently overcast circumstances. Notwith-
standing, the review defeats these by focusing on projects that can endure interfer-



ences and by utilizing a quick information procurement methodology during clear
sky periods. The viability of little telescopes in metropolitan settings is likewise
featured, as they can rapidly redistribute time to notice fascinating occasions. By
and large, the review presents a promising way to deal with exoplanet identification
utilizing unobtrusively estimated telescopes, featuring their expected job in growing
cosmic examination capacities.

In the study of Tsapras’ is used gravitational microlensing for finding the exoplan-
ets. The strategy is compelling in distinguishing planets which are challenging for
recognising different methods. Particularly, it is situated a long way to their host
stars[13].However, there are some limitations in this paper, such as, interpreting
complex light curves and occurrences of microlensing events. To overcome these
challenges, they used cutting edge modeling strategies and high caliber observations.

Gravitational microlensing is taken as a method for finding exoplanets in the con-
centrate by Zakharov, Calchi Novati, De Paolis, and Ingrosso. This system is strong
in finding planets that are by and large missed by various philosophies, especially
those far from their host stars. At any rate, the examination raises difficulties [2],
including the remarkableness of microlensing events and the difficulty in unraveling
the ensuing data. The review recommends that to determine these issues, innova-
tive discernment and refined information assessment frameworks that consider the
possible results of productive planet affirmation are required. The evaluation re-
members the enormous limit of gravitational microlensing for the field of exoplanet
receptiveness.

In Cassan’s assessment, gravitational microlensing is used to find extrasolar planets.
The strategy effectively identifies low mass planets at huge orbital good ways from
their stars. In any case, the flightiness of microlensing occasions and the bizarreness
of information translation present inconveniences[5]. Cassan features the crushing
essential for reliable checking and obvious level assessment structures to decide these
issues to legitimately see and handle exoplanets utilizing microlensing and in this
manner contribute by and large to the field.

Gaudi et al’s research is looking into the possibility of finding exoplanets using
gravitational microlensing. This system is shown to areas of strength for particu-
larly seeing planets that are overall around difficult to see, especially those at critical
uncommon ways from their host stars [14]. The hardships accomplished by the mo-
mentousness of microlensing occasions and the trouble of information translation
are the mark of combination of the appraisal. To overcome these impediments and
basically work on our ability to translate exoplanetary plans, Gaudi and his accom-
plices stress the significance of developing new pieces of information and complex
evaluation procedures.



In this research, we investigate several established techniques for detecting exo-
planets, including the Transit Method, Radial Velocity Method, Direct Imaging,
Astrometry and Gravitational Microlensing and identify an optimal choice. These
approaches played, and continue to play, a central role in driving exoplanetary sci-
ence, but each has its strengths and its weaknesses. Large, close-orbiting exoplanets
have been found by the Transit and Radial Velocity methods, but only large and
close exoplanets. Astrometry and Gravitational Microlensing have degrees of free-
dom to access exoplanets in distant orbits; however they are limited with complex
data interpretation and signal to noise.

On the other hand, the Direct Imaging way provides a more flexible approach which
enables exoplanets to be directly imaged and provides complete information on ex-
oplanets’ atmospheres, sizes and orbital parameters. However, with recent improve-
ments in machine learning particularly Contrastive Learning, it has become possi-
ble to overcome the issue of faint signal detection, so that Direct Imaging becomes
possible again. Where sublte features in complex datasets need to be contrasted,
Contrastive Learning effectively distinguishes such features to allow for more accu-
rate detection and classification of planets around other stars, specifically in high
contrast environments where the signal is weak relative to the stellar noise.

This research takes advantage of Contrastive Learning within the structure of Di-
rect Imaging in an effort to overcome inherent limitations of all current and new
detection methods. By refining exoplanet identification through the improvement
of the model’s learning of differences in image data, the approach can enhance the
ability to identify faint exoplanets. Consequently, this combined method not only
tackles the difficulties of high contrast imaging environments, but also provides new
avenues to explore exoplanetary systems which were previously hard to observe.By
integrating Direct Imaging with Contrastive Learning, a more detailed and precise
analysis of distant planetary systems is made possible. This approach could help
deepen our understanding of exoplanetary environments and the overall hunt for
habitable worlds in the galactic neighborhood.
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Chapter 3

Methodology

The initial step in our methodology involved compiling a dataset of JWST MIRI
coronagraphic images. Given the nature of these space images, preprocessing was
essential. We began by normalizing the images, converting them from PNG format
to FITS. To handle missing pixels, we applied median filtering and Navier-Stokes
inpainting techniques. Additionally, we enhanced image contrast and applied super-
resolution methods to improve resolution. The dataset was then split into two
subsets: training (80%) and validation (20%). Augmentation was performed exclu-
sively on the training set, which involved rotating, flipping, and scaling the images.
Following preprocessing, the augmented images were input into our custom model.
The first component of the model is the enhanced contrastive exoplanet detection
module. The backbone layer of this module utilizes ResNet-18, which extracts high-
dimensional features (512 dimensions) from the images. These features are sub-
sequently passed to the embedding layer, where dimensionality is reduced to 16,
retaining only the most salient features. The model includes two classifier layers:
one for stars and one for exoplanets, both of which yield binary outputs indicating
the presence or absence of the respective celestial bodies. Few-shot learning is in-
tegrated with the embedding layer, enabling the model to efficiently learn from a
limited number of labeled examples, thereby improving feature extraction and clas-
sification performance, especially in cases with scarce labeled data. The model was
trained over 25 epochs, with early stopping implemented to prevent unnecessary
computation once the performance plateaued. Additionally, dropout layers were in-
tegrated within the architecture to reduce overfitting, ensuring robust generalization
to new data.

After classification, the images are stored in a list and subsequently passed to
YOLOv5 and then YOLOvVT7, with localization results from each model compared to
determine optimal performance in identifying the precise locations of stars and exo-
planets in each image. This comprehensive approach leverages contrastive learning,
few-shot learning, and advanced classification and localization techniques to detect
and accurately localize exoplanets and stars from JWST MIRI coronagraphic obser-
vations.Figure 3.1 shows the overview of the proposed exoplanet and star detection
system.
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Figure 3.1: An Overview of the Proposed Exoplanet and Star detection system
Leveraging Contrastive and Few Shot Learning
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3.1 Dataset Collection

The dataset in this study includes high-resolution direct imaging observations using
JWST from the sample with the MIRI in the coronagraphic imaging mode . To
enhance visibility of the adjacent exoplanetary bodies to the place near their stars,
observations were made using the filters F2300C and LYOT 2300 to select precise
IR bandwidths. Data acquisition was programmed to level 3 image processing to
yield the best results for scientific application. The data to create the images in-
cluded in this paper were obtained from the Mikulski Archive for Space Telescopes
(MAST) and the ESA JWST Archive [37] [36]. These resources enabled accurate
flagging according to mission parameters, specifically JWST, and instrument set-
tings, MIRI/coronagraph. Furthermore, direct imaging exoplanet candidates in the
dataset were cross checked and validated using the physical archive known as NASA
Exoplanet Archive. By searching only in the coronagraphic images, the sample was
simply and effectively purged to remove all contaminated light from the star that
could potentially mask any planetary object that may be present.

Figure 3.2: Exoplanet with Star Figure 3.3: Only Star

Each image in the dataset, such as those shown in Figures 3.2 and 3.3, represents
typical coronagraphic imaging results. In Figure 3.2, we see an exoplanet orbiting
its host star. The bright central feature corresponds to the star, which is blocked
using the coronagraphic technique to reduce its overwhelming brightness, allowing
a clearer view of the nearby exoplanet. The faint object seen near the central star
is a potential exoplanetary candidate, whose detection is made possible by this
technique.In contrast, Figure 3.3 shows an image where only the host star is present
without any visible exoplanets. The coronagraph blocks the central star’s light,
but since no dim objects are visible around the star, this image represents a stellar
system without detectable exoplanets.

Each image in the dataset was sampled at a high resolution, providing clear spec-
tral data for subsequent analysis. The chronographic imaging technique allowed the
dataset to capture objects with varying brightness levels, from the intense light of
the stars to the faint signatures of orbiting exoplanets. Images were saved in multi-
ple formats, including FITS and PNG, to ensure compatibility with the processing
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pipeline and machine learning models used in this study.The key characteristics of
the dataset are summarized in Table 3.1:

Table 3.1: Dataset characteristics for exoplanet direct imaging.

Hallmark Volume/Details

No. of observations 3114 observations

Instrument JWST (James Webb Space Telescope)
Filters F2300C, LYOT_ 2300

Observation mode Coronagraphic Imaging

Product type Processed images (Level 3)

Recorded data type Direct imaging

Imaging resolution High-resolution

Data sources MAST Portal, ESA JWST Archive, NASA Exoplanet Archive
No. of labeled exoplanets | 1866 confirmed exoplanets

Total processed images 3114 processed images

Train images 2502 images

Validation images 612 images

3.2 Data Pre-Processing

3.2.1 RAW FITS file Pre-Processing through Astrolmagel

The first step of our image processing workflow involved pre-processing the RAW
FITS files using AstrolmageJ (ALJ) [34], a widely used tool in astronomical data
analysis. Due to the inherent challenges of direct imaging such as the faint nature of
exoplanets in proximity to bright stars many of the acquired images were too dark
to discern important features. To this end, the images presented were processed
with AIJ [34], which operates with brightness and contrast enhancing algorithms
making these improvements while not distorting the scientific content of the data
set. The brightness and contrast functions of AstrolmageJ [34] were useful for
enhancing the variability between the compact and diffused regions for the purpose
of highlighting the weak brightness from the exoplanets. In this process, it became
easier to ensure that the desirable attributes in the images were more apparent,
especially when using advanced detection models in subsequent data analysis. Apart
from simple brightness and contrast controls, which turned out to be to important for
stretching the fainter data to better compare them to the brighter data, AlJ offered
other essential functionalities for data calibration and metadata management. To
perform the bias, dark and flat-field corrections we used the integrated features of
the system. Moreover, using the functionalities of AIJ we were able to integrate
with Astrometry.net for plate solving and we included WCS to the images thus the
accurate spatial reference of naked eye stars as well as exoplanets was achieved.
This preparation was very important for ensuring the reliability and efficiency of
the following analytical processes.

3.2.2 Converting dataset from FITS format to PNG format

We converted the astronomical imaging data from the Flexible Image Transport
System (FITS) format into Portable Network Graphics (PNG) format for easy ma-
nipulation and visualization in our work. We loaded in the files using the Python
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scientific libraries: Astropy for reading FITS files and Matplotlib for saving images
in PNG format. The FITS files were loaded, and we extracted the image data. The
resulted data was treated and normalized in order to improve visual clarity. The
processed images were saved in PNG format to further their analysis and visualiza-
tion. This conversion process was applied to all FITS files in the dataset to maintain
consistency and to help machine learning tasks and other analysis workflows process
FITS files more easily.

3.2.3 Pre-process using Median Filtering and Navier-Stokes
Inpainting to Detect and Fill Missing Pixels

In our study, one of the main preprocessing consisted in detecting and fill missing
pixels in the dataset images. Incomplete data, arising from missing pixels, can have
a negative effect in subsequent analysis, especially if working with high resolution
astronomical imagery. To address this, we employed a two-step method: To observe
how to first detect missing pixels using a mask generation technique, and then fill
them using a combination of median filtering and inpainting.

A mask was generated to detect missing pixels. The grayscale images were assumed
to be missing pixels with a value of zero, and these were marked in the mask by
identifying the pixels where these would occur in them. Utilizing morphological
operations of dilation and erosion, the mask was refined further to ensure correct
capture of the missing areas.

After identifying the missing pixels, the next step was filling these gaps using two
techniques:

e Median Filtering:In the smoother regions the missing pixels were filled via
median blur technique. The missing pixel values are then replaced with the
median value of surrounding pixels which facilitates the natural texture of the
image.

o Navier-Stokes Inpainting:The Navier Stokes inpainting method was ap-
plied on higher level of detail in more complicated regions corresponding to
the provided structure. The inpainted pixels are reconstructed using the sur-
rounding pixel values and iteratively, portions of the image are filled, so the
areas inpainted blend well with the rest of the image.

In addition, there was bicubic interpolation of the images to higher resolutions which
improved clarity and resolution of the final output. Once inpainted and resized, the
images were stored as PNG format for further analysis.

3.2.4 Pre-process using Contrast Enhancement and High
Resolution

In addition to filling missing pixels, another crucial preprocessing step in this study

involved enhancing the contrast of the images and increasing their resolution. These

techniques were applied to ensure that important features, particularly faint exo-
planetary signals, could be clearly distinguished from the background noise.
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Specifically, faint exoplanets in direct imaging necessitated enhancement of the con-
trast in order to enhance visibility of subtle features. This increased the difference
between bright and dark regions, and helped to read out the exoplanetary signals
next to the bright stars. A histogram equalization technique was used to adjust
image intensities to make the histogram distribution more uniform and contrast
enhance [38] . This improved visibility of low intensity regions that are critical in
detecting faint objects.

In this study, we also boost image resolution to aid more detailed analysis. Bicubic
interpolation was utilised to upscale. This technique is bound to use pixel values
that smoothly transition from one value to the next, and thereby reduces the chances
of putting noise or artificats during resizing. When trying to detect tiny and faint
exoplanets near bright stars, increased resolution is very important, and we were
able to get better resolution than previous observations enabled us to.

The combination of contrast enhancement and high resolution upscaling together
improved the overall quality of the dataset so that important features were pre-
served and enhanced for these subsequent machine learning based detection and
classification tasks.

3.2.5 Data Annotation

In this study, the dataset was carefully labeled to distinguish between two primary
classes: stars and exoplanets. As such, the labeling of each image was performed
manually in the CVAT [35] annotation tool, and each image was labeled for either
the presence of a star or exoplanet, or both. The dataset was divided into three sets:
training, validation and testing. The labels were assigned in two categories for the
dataset. Each set is contained with images with annotated bounding boxes around
stars and exoplanets, thus, allowing precise labels for the object detection tasks.
These images have labels "0” when only the stars can be seen, and ”1” when an ex-
oplanet can be seen near the star. Each member of our group individually examined
and annotated the images for the presence of exoplanets and stars. After complet-
ing individual annotations, we compared and analyzed our results collectively. For
each image, we employed a majority voting system to finalize the label, determining
whether an image contained an exoplanet, a star, or both. Based on this consensus
approach, we ensured consistent and accurate labeling across the dataset, resolving
any ambiguities by leveraging group agreement. The clear classification of celestial
objects supplied by this binary labeling system was crucial for training the machine
learning model.

The model was consistently learning to differentiate the two classes with labeled
data applied consistently on all sets, so that it should be able to perform correctly
while in training, and validation and test. Using the structured labeling approach,
the dataset was prepared for the object detection tasks enabling the identification of
faint exoplanets alongside bright stars in high resolution astronomical images. On
the other hand, our five-member team completed the augmentation together. After
finishing, we voted on the corrected augmentations for stars and exoplanets, and
chose the final options based on majority agreement.
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3.3 Dataset Split

For the purpose of this study, the dataset was divided into two distinct sets:

3.3.1 Training Set

This subset consisted of 2502 processed images, each labeled based on previous
scientific observations of exoplanetary candidates. Among these, 1866 images con-
tained both exoplanets and their host stars, while the remaining images featured
stars without accompanying exoplanets.

3.3.2 Validation Set

This subset contained 612 number of images used for hyperparameter tuning and
model validation. These images helped optimize the model without being exposed
during training, ensuring that the model generalized well to unseen data.

3.4 Feature Extraction

In this work, we demonstrate that feature extraction is a crucial part of the exoplanet
detection pipeline, where the objective is to efficiently transform input images into
meaningful representations that can be classified. In this work, we use a pre trained
ResNet18 model as the backbone to extract high level feature from astronomical
images. Extracted features are then transformed to a lower dimensional embedding
and used as input for the classification layers used to separate stars from exoplanets.

3.4.1 ResNetl8 Backbone

ResNet18 is a neural network with 18 layers that effectively identifies patterns and
features in images. Its deep architecture and residual connections mitigate issues
such as vanishing gradients, allowing for accurate training across multiple layers [32].
These connections facilitate the transfer of features, making ResNet18 particularly
useful for complex data.

e Pre-trained Model: ResNet18 was trained on ImageNet, which consists of
over a million images [32]. This extensive pretraining enables the model to rec-
ognize broad features, including edges, textures, and shapes. Such capabilities
are beneficial in fields with limited labeled data, such as exoplanet detection,
as the model can generalize from common features. Consequently, this reduces
the dependency on a large labeled dataset for detecting exoplanets.

e Fully Connected Layer Removal:To customize the model for specific tasks,
such as analyzing astronomical data, the final fully connected layer of ResNet18
is removed after pretraining. This alteration allows the model to output a
512-dimensional feature vector, which effectively represents the input image
without the constraints of the original classification head[32].

e Output of the Last Convolutional Layer:The output from the last con-
volutional layer is a 512-dimensional vector that serves as a condensed and
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informative representation of the input image [32]. This vector incorporates
both low-level features, like edges and textures, and high-level features, such
as shapes and structures.

o Feature Vector:The 512-dimensional feature vector is well-suited for tasks
like embedding and classifying images[32]. In the context of exoplanet detec-
tion, this feature vector captures the essential details required to distinguish
stars from potential exoplanets, especially in noisy images.

3.4.2 Embedding Layer

In order to reduce computational complexity and increase performance of the model,
a ResNet18 backbone backbone is followed by a fully connected embedding layer.
This layer compressed 512 dimensional feature vector output from ResNetl8 to
16 dimensional using small vector IMb can reduce the dimensionality of the 512
dimensional feature vector output from ResNetl8 to 16 dimensional embedding.
However, this dimensionality reduction is a necessity for efficient classification and
few shot learning tasks.

e Dimensionality Reduction: The features from the input high dimension
space are projected to a 16 dimensional space by embedding layer, reducing
computation and unnecessary or redundant information. Furthermore, the
reduced dimensionality allows distances between embeddings to be computed
more simply, a key component of most few-shot learning frameworks such as
Siamese Networks.

o Learnable Embeddings: The embedding layer is made with learnable pa-
rameters and the model picks them up and tries to learn during training. As
a result, the model can generate the most informative and distinguishable em-
beddings for different image types, which aids in the effective classification of
stars and exoplanets.

e Shared Embedding Space: Both the star and exoplanet classifiers utilize
the same 128-dimensional embedding space. This shared space enables the
model to learn general features relevant to both classes while also focusing on
specific patterns for distinguishing between stars and exoplanets.

3.4.3 Contrastive Learning for Better Embeddings

Supervised learning is also combined with contrastive learning to extract the feature
embedding, so that the embeddings are well clustered and separable. Contrastive
learning [17] encourages the network to bring similar images closer in the embedding
space while pushing dissimilar images farther apart. This approach enhances the
quality of the learned embeddings, making the model more robust in scenarios with
limited or noisy data.

» Positive and Negative Pairs:During training, pairs of images are generated,
with positive ones consisting of images taken from the same object (e.g. two
images of stars) and negative ones containing images of different categories
(e.g. one image of a star, and one image of an exoplanet). Distance between
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positive pairs and negative pairs in the embedding space is minimized and
that between negative pairs are maximized [17].

o Contrastive Loss Function:In order to train the model on meaningful em-
beddings, we use a contrastive loss function. The model is trained to group
images of the same class and separate those of the different classes, by this
loss function. This leads to improving classical classification accuracy as well
as few shot learning performance.

3.4.4 Role of Embeddings in Few-shot Learning

In the context of few-shot learning [11], where the model must classify new images
with limited labeled data, the quality of the 16-dimensional embeddings becomes
critical. Few-shot learning methods, such as Siamese Networks, rely on the ability to
compute mean embeddings for each class, known as prototypes. The model’s ability
to correctly classify unseen images depends on how well it can compute distances
between the embeddings of new images and these class prototypes.

« Embedding Space for Siamese Networks: By reducing the dimensionality
from 512 to 16, the embedding layer simplifies the task of computing distances
between class prototypes and query images. This dimensionality reduction is
especially beneficial in few-shot learning settings, where only a small number
of labeled examples are available, but accurate predictions are still required.

This feature extraction pipeline, combining the ResNet18 backbone with contrastive
learning and embedding-based dimensionality reduction, provides a robust founda-
tion for exoplanet detection. The system not only reduces computational complex-
ity but also enhances classification performance, particularly in challenging few-shot
learning scenarios.

3.4.5 Visualization of Feature Embeddings Using t-SNE

To better understand how well the model distinguishes between stars and exoplan-
ets, we employed t-distributed Stochastic Neighbor Embedding (t-SNE) [22], a non-
linear dimensionality reduction technique, to project the high-dimensional embed-
dings into a 2D space. The t-SNE plot 3.4 illustrates the separation between stars
(label 0) and exoplanets (label 1), with distinct clusters for each class. This visual-
ization highlights the model’s ability to generate discriminative features, reinforcing
the effectiveness of the feature extraction process [22].
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Figure 3.4: t-SNE visualization of embeddings, showing distinct clusters for stars
and exoplanets.

3.4.6 Visualization of Convolutional Feature Maps

In addition to embedding visualization, we also explored the intermediate feature
maps produced by the convolutional layers of the model. Figure 3.5 shows the fea-
ture maps extracted from a deep convolutional layer when applied to input images.
These maps capture various levels of abstraction, ranging from low-level textures
and edges to high-level structures associated with stars and exoplanets. The feature
maps demonstrate the model’s capacity to extract detailed and meaningful repre-
sentations, which are crucial for distinguishing subtle differences in astronomical
images.

Figure 3.5: Visualization of convolutional feature maps from deeper layers of the
model.
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3.5 Contrastive learning based classification model

Contrastive learning is a self-supervision learning method focused on learning sam-
ples’ similarities and differences between two samples by projecting them onto a
low-dimensional space. Self-supervision: the model creates its own labels or tasks
out of the data, so, it is able to learn useful representations without reference labels
[19]. This is done by obtaining pairs or groups of samples describing positive sam-
ples, or different groups describing negative samples based on data augmentations,
or contextual information.Figure 3.6 shows our model architecture.

Exoplanet With Star Only Star

Repr. space R*K

Figure 3.6: Contrastive learning Architecture

The core idea of contrastive learning is to make the embeddings of similar samples
(positive pairs) closer in the embedding space, while pushing apart the embeddings
of dissimilar samples (negative pairs) [19].This approach is most effective when there
is sparse labeled data, because it uses the inherent structure in this data to train for
the feature representations. While contrastive learning learns an embedding space
by using augmentations or predefined structures in the data, subtle but crucial
patterns are learned.The contrastive loss defined in eqn [1]:

1 1
Lcontrastive = (]- - y)§<D2) + yé(max((), m — D))2 (1)
Where:

e vy is a binary label indicating pair similarity, where y = 1 for similar pairs and
y = 0 for dissimilar pairs,

o D represents the Euclidean distance between the embeddings of the paired
samples,

e 'm is a margin parameter that ensures dissimilar pairs are separated by at least
this distance in the embedding space.
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The Enhanced Contrastive Exoplanet Model(ECEM) identifies, depending on the
result of the classification, whether the input image contains a star, an exoplanet,
or both. After extracting meaningful features from the input images using the
ResNet18 backbone and embedding layer, these features are passed to two separate
classifiers: So, one was to detect stars for which one glance was enough, and another
was to detect exoplanets. We aim at predicting binary labels for each image: One
sign that looks like a star and one sign that looks like an exoplanet. Classification
process is described in ECEM Invention to distinguish whether an input picture
contains or lacks a star, an exoplanet or both. After extracting meaningful features
from the input images using the ResNet18 backbone and embedding layer, these
features are passed to two separate classifiers: This one is for finding the stars, and
this other one is for finding the exoplanets. To classify the image, we want two label
outputs of whether there is a star or exoplanet in the image.

3.5.1 Star and Exoplanet Classifiers

Over two independent classification layers, we construct two classifiers over a shared
16 dimensional embedding layer. The rich information encoded in the feature em-
beddings are leveraged by these classifiers by using simple but effective architectures
to perform binary predictions for all tasks.

Separate Classifiers for Star and Exoplanet Detection

Each classifier is designed to handle a binary classification problem, where the output
is a single value: 0 or 1. The star classifier predicts whether a star is present in the
input image, while the exoplanet classifier predicts the presence of an exoplanet.
The overall architecture of each classifier is described below.

Linear Layers

The classification task begins by passing the 16-dimensional embedding output from
the feature extraction process into a series of fully connected (linear) layers. These
layers map the embedding vector into a smaller space, progressively refining the
feature representation for the final prediction. Each classifier follows this structure:

1. First Linear Layer: The 16-dimensional embedding is fed into a fully con-
nected layer that projects it into a lower-dimensional space, typically smaller
than 16 dimensions. This dimensionality reduction helps focus the model’s
attention on the most critical features for classification.

2. ReLU Activation Function: After the first linear layer, a ReLU (Recti-
fied Linear Unit) activation function is applied to introduce non-linearity
into the model. The ReLU function is defined in eqn [2] which introduce
non-linearity into the model.

f(x) = max(0, z) (2)

This ensures that the classifier can learn complex decision boundaries, essential
for distinguishing between the presence or absence of stars and exoplanets.
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The ReLlU activation ensures that only positive values pass through, filtering
out less important or negative feature values.

Final Linear Layer and Sigmoid Activation

After the first linear layer and ReLU activation, the refined features are passed
through another fully connected layer. This layer outputs a single scalar value
representing the model’s confidence in the presence of the object (star or exoplanet).

3. Sigmoid Activation Function: To convert this raw output into a proba-
bility, a sigmoid activation function in 3 is applied. The sigmoid function
squashes the output into a range between 0 and 1, making it interpretable as
a probability value. The sigmoid activation is defined in eqn [3]:

B 1
1 4e®

o(z) (3)
The sigmoid function ensures that the output can be interpreted as a proba-
bility, where values closer to 1 indicate a higher likelihood of the presence of
a star or exoplanet, while values closer to 0 indicate their absence.

Binary Output and Thresholding

The final prediction for each classifier is obtained by thresholding the sigmoid output.
Specifically:

o If the sigmoid output is greater than or equal to 0.5, the model predicts that
the object (star or exoplanet) is present (i.e., output = 1).

o If the sigmoid output is less than 0.5, the model predicts that the object is
not present (i.e., output = 0).

Final Output

In summary, the star classifier outputs a binary prediction of 0 or 1 for the presence
of a star, while the exoplanet classifier does the same for the presence of an
exoplanet. These two binary predictions are combined to form the final output of
the model for each image.

3.5.2 Joint Training of Classifiers

Though the star and exoplanet classifiers are meant to be used independently, they
are both trained on the same dataset together in order to allow the model to learn
to recognize stars and exoplanets in a single step. This joint training approach offers
several advantages:

Shared Feature Space

The same 16 dimensional feature embedding is used by both classifiers: the feature
embedding is obtained through the ResNet18 backbone and an embedding layer.
This shared feature space allows the features learned to be useful across the two
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related tasks of star detection and exoplanet detection from relative parallax mea-
surements, leading to improved generalization across these two tasks. By sharing
this feature space, we achieve efficiency of resource use, since the model learns about
meaningful features that separate both astronomical objects.

Efficiency in Learning

By training the classifiers in joint space, training efficiency is achieved, since both
classifiers can be trained with the data available. Detecting exoplanets sometimes
requires similar detection tools, such as brightness or specific light patterns, and
features helpful for star detection (e.g., brightness) might also be useful in detecting
exoplanets. The model uses such overlapping features to enhance its performance
across both tasks if we train both classifiers on the same dataset.

The process of joint training encourages multi task learning, a process useful with
limited labeled data. The model sidesteps one overfitted task to produce shared
representations that allow it to become more robust to both stars and exoplanet
detection.

3.5.3 Few-shot Learning and Siamese Networks

In scenarios with limited data availability, few-shot learning is critical for tasks like
detecting exoplanets. This learning approach allows models to generalize from only
a few labeled examples, which is especially useful in exoplanet detection due to the
scarcity of exoplanet images [25]. Our model leverages Siamese Networks, a popular
few-shot learning technique that determines similarity between pairs of examples
rather than relying solely on class prototypes.

Siamese Networks are structured to perform N-way, K-shot classification by
learning to differentiate between pairs of images. Here, N refers to the number of
classes, and K represents the support examples per class that are used to form pairs
for comparison. The network computes embeddings for each image in a pair, and
a similarity measure—often based on distance or cosine similarity—determines if
the images belong to the same class. For each query image, the model classifies it
by comparing it to support images, enhancing its capacity to recognize classes with
only a few labeled instances. This approach is particularly suitable for scenarios
where defining prototypes is challenging, as it instead relies on pairwise similarity
to perform classification.Figure 3.7 shows the architecture of Siamese Network.

Siamese Network Architecture

The architecture of the Siamese Network comprises three main components:
Embedding Extraction The model first extracts embeddings for both the sup-
port and query images using a shared ResNet18-based feature extractor. These

embeddings, which are 16-dimensional vectors, capture the essential characteristics
of each image.

Similarity Calculation For each pair of images, the model computes the Eu-
clidean distance between their embeddings to determine similarity. Given two im-
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Figure 3.7: Siamese Network Architecture

ages r1 and xo with embeddings f(z;) and f(z5), the Euclidean distance d(f(x1), f(x2))
is calculated eqn [4] as:

d(f(x1), £(22)) = [[f(21) = £(22)]2 (4)

The lower the distance, the more similar the images are considered to be, as judged
by the model.

Distance-based Classification For each query image, the model calculates the
distance to each support image embedding. The query image is assigned the label of
the support image with the smallest distance. The predicted label g, for the query
image z, is given eqn [5] by:

Jq = arg  min d(f(z,), f(z:)) (5)

yiexfsupport

This classification approach leverages the concept that images from the same class
will have embeddings closer to one another in the embedding space.

Support and Query Data Processing

The Siamese Network processes support and query data by pairing query images
with support images and measuring similarity to classify the query. Key steps for
handling support and query data include:

Support Data Processing Support images from each class are sampled from
the dataset and pre-processed (resized, normalized, and converted into tensors).
These images are passed through the ResNet18 backbone to generate 16-dimensional
embeddings used for similarity comparison with query images.

Query Data Processing Query images are similarly pre-processed and passed
through the shared network to obtain embeddings. These query embeddings are
then compared to the support embeddings using the Euclidean distance metric,
allowing the network to assign a label based on the most similar support image.
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Few-shot Classification Tasks

To evaluate the model’s ability to perform few-shot learning, the model is tested
on several N-way, K-shot classification tasks. Each task involves the following
steps:

1. Task Setup: For each episode, the model is presented with N classes (e.g.,

"star”, "exoplanet”, "background”), and for each class, K support images are
sampled. A separate set of query images is also sampled for testing.

2. Embedding Extraction: The support and query images are passed through
the ResNet18-based feature extractor, which converts each image into a 16-
dimensional embedding.

3. Prototype Calculation: The model computes the prototypes for each of the
N classes by averaging the embeddings of the support images.

4. Query Classification: The query embeddings are compared to the proto-
types, and the class with the closest prototype is assigned as the predicted
label.

5. Metric Calculation: After classification, metrics such as accuracy, precision,
recall, and Fl-score are calculated to evaluate the model’s performance in
the few-shot learning setting. These metrics are computed by comparing the
predicted labels of the query images with their true labels.

Handling Limited Exoplanet Data

Given that labeled exoplanet data is rare, few-shot learning techniques such as
Siamese Networks are invaluable. By relying on distance-based classification rather
than large amounts of training data, the Siamese Networks enables the model to
make accurate predictions about new exoplanets based on just a few labeled exam-
ples.

The shared embedding space (trained through contrastive learning) ensures that
the model learns meaningful representations, which allows the Siamese Networks
to distinguish between subtle differences in star and exoplanet images, even when
data is limited. This is critical for effective exoplanet detection and classification in
real-world astronomical datasets.

3.6 YOLOv5 for Localization of Stars and Exo-
planets

YOLOVS5 is a faster and precise deep learning architecture which is mainly employed
in object detection techniques. The name YOLO stands for ”You Only Look Once,”
emphasizing its key advantage: For comparison with YOLOvV5, there are other ob-
ject detection models that work on an image in stages or parts of the image while
YOLOvV5 3.8 only considers the whole image at initial level. This makes the model
to be fast to deploy and capable of predicting not only the class of an object, but
also its location, making it ideal for use in real-time applications. YOLOv) 3.8

26



operates through a predictive bounding box method; it boxes objects based on the
grid nature it deploys on the image [23]. Prescribing where an object is located,
these bounding boxes also predict what the object is, like a star, exoplanet, or an-
other celestial body in the scope of our work. Every bounding box gives information
about the position of the object on the picture, height, width, and even the output
of the network that provides class probability to let YOLOv5 differentiate between
the objects and give the details of what the object is. But one of the main aspects
that make deep learning engineers choose YOLOV5 is that it offers high accuracy
while having a high speed [23].
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Figure 3.8: YOLOv5 Architecture

Despite fewer parameters and simpler operations, YOLOv5 maintains high speed
and efficiency by processing entire images in a single pass, unlike models requiring
multiple passes or region proposals. This speed is advantageous in projects with high
data volumes or real-time requirements, such as astronomy applications for analyzing
star or exoplanet images. YOLOvV) can detect multiple objects at once and identify
multiple instances of the same object within an image, enhancing its efficiency. Its
architecture has been optimized for both speed and accuracy, utilizing techniques
like non-maximum suppression to reduce false positives and refine bounding boxes,
making it well-suited for accurate, real-time detection in high-resolution imagery[23].

Where we are using YOLOWV5 for the detection and localization of stars and exoplan-
ets within the images captured by MIRI coronagraph in our project. The process of
localization is critical as it does not only show where stars, or exoplanets, are but
where they are situated in the picture. Concerning the position of these celestial
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bodies which YOLOvV5 detects, it gets this right by providing the exact position of
detected objects using these bounding boxes around them. Therefore, the choice
of YOLOVS5 is justified for our project because of its speed and effectiveness, with
which it can analyze high-quality photographs obtained from MIRI coronagraphs.
In contrast to the models that run successive passes or region proposals, YOLOvH
takes the entire image in one go and detects all the objects simultaneously. This
approach means that large datasets can be negotiated more easily [23]. In addi-
tion, YOLOv)’s accurate localization of coordinates is very useful in astronomy as
we explain, since we are able to draw bounding boxes around stars and exoplanets
allowing for a zoomed in look at the distinct characteristics of each celestial object.
As well as, the multi-scale feature of YOLOV5 is effective for the detection of ob-
jects with different sizes and brightness, and it correctly detects both highly bright
stars and low bright exoplanets within the same frame. These features allow for a
significant increase in efficiency of effective analysis of a vast number of different
astronomical processes.

3.7 YOLOvVT7 for Localization of Stars and Exo-
planets

Originally designed for the problem of object detection in real-world scenarios,
YOLOVT can be beneficial for astronomer localization of both stars and exoplanets in
telescope lens images. Compared to some prior applications, identifying astronom-
ical sources necessitates conveying weakness and low contrast, and so researchers
modify YOLOvT7 accordingly. With these, one is to fine-tune the model with set
weights in addition to using pre-processing techniques such as noise reduction ,
YOLOvVT 3.9 becomes capable of precisely identifying distant stars and faint exo-
planets even in dense star fields[30].

Improved for astronomy, YOLOv7 can address the small and closely associated
objects seen in astronomy images. Both stars and exoplanets may be presented as
point sources and seem faint; therefore, minor changes in the detection layers and
thresholds will help to obtain better localization [30]. This optimised model amplifies
contrasts and strikes out noises in complex space images making sure YOLOv7 does
not skip on identifying objects up in space.

Overall, in the field of astronomy, the proposed method of YOLOv7 allows for
fast detection and the determination of star clusters and the identification of new
exoplanets in large datasets. An advantage of this approach is that it’s real-time,
thus enabling researchers in the analysis of astronomical images who needs time-
sensitive data. In this particular context, YOLOv7 provides scientific literature
contributions and usability within the field of space research.
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Figure 3.9: YOLOvV7 Architecture
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Chapter 4

Results and Discussion

4.1 Performance Metrics

This section evaluates the performance of the trained model used for exoplanet
detection. Several key metrics have been used to assess the model’s effectiveness,
including accuracy, F1 score, precision, and recall. The results of the classification
are visually represented using a confusion matrix, which provides a detailed break-
down of the model’s predictions.

The confusion matrix summarizes the predictions of the exoplanet detection model
by showing the counts of correct and incorrect classifications. This matrix is essen-
tial for understanding the model’s strengths and weaknesses beyond simple accuracy.
It breaks down the results into four metrics:

« True Positive (TP): Correctly identified exoplanets.
« True Negative (TIN): Correctly identified stars.
« False Positive (FP): Stars that were incorrectly classified as exoplanets.

» False Negative (FN): Exoplanets that were missed and classified as stars.

The confusion matrix helps highlight where the model performs well and where im-
provements are needed, particularly in cases where classifying faint exoplanets could
be challenging.

Recall, also known as sensitivity or the true positive rate, measures the model’s
ability to correctly identify all exoplanets. A high recall indicates that the model
successfully captures most of the exoplanets in the dataset. In the context of exo-
planet detection, a high recall is critical, as missing an exoplanet (false negatives)
could mean missing key discoveries. However, increasing recall may sometimes lower
precision, as more objects might be incorrectly classified as exoplanets.

TP
Recall = TP-|——FN (1)
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Precision measures how many of the objects predicted to be exoplanets are ac-
tually exoplanets. In other words, it reflects the accuracy of the positive predictions
made by the model. In exoplanet detection, a higher precision ensures that false
positives (misclassified stars) are minimized, which is important to avoid noise in
the detection process.

TP
Precision = m—FP (2)

The F1 score is the harmonic mean of precision and recall, providing a balanced
metric that considers both false positives and false negatives. For exoplanet de-
tection, the F1 score is a useful metric to evaluate the trade-off between correctly
identifying exoplanets and minimizing false alarms. A high F1 score indicates that
the model is both accurate in detecting exoplanets and efficient in avoiding incorrect
classifications.

Precision x Recall
F1S =2 3
core % Precision + Recall (3)

Accuracy is the overall measure of how often the model makes correct predictions.
It calculates the proportion of all correct predictions (both stars and exoplanets)
out of the total number of predictions. While accuracy gives a general idea of model
performance, it is important to consider it in conjunction with recall and precision,
especially when dealing with imbalanced datasets like exoplanet detection, where
the number of stars may vastly outnumber exoplanets.

TP +TN
A - 100 4
Ay = TP Y TN+ FP+ FN )

These performance metrics are critical for evaluating the model’s success in exo-
planet detection, allowing us to fine-tune the model based on specific needs such as
higher recall for detecting all exoplanets or higher precision to avoid false positives.
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4.2 Performance Evaluation of Exoplanet Detec-
tion Classification Based

4.2.1 Contrastive Learning with Siamese Network

Figure 4.1: Line graph of Contrastive Learning and Siamese Network accuracy and
loss

Figure 4.2: Confusion matrix graph of Contrastive Learning and Siamese Network.

The contrastive learning model integrated with a few-shot learning framework was
assessed over a period of 25 epochs, but due to early stopping, it concluded train-
ing at the 20th epoch. By this point, the model achieved near-perfect results in
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both training and validation. In Figure 4.1, the training accuracy exhibits a steady
improvement, beginning at approximately 65% and reaching close to 98% by the
final epoch, while the training loss shows a consistent decline from an initial value of
around 1.75 to nearly 0.1. This indicates effective model convergence and minimized
errors during training. Similarly, validation accuracy rises in tandem with training
accuracy, starting around 70% and achieving approximately 95% by epoch 20. Al-
though validation loss initially decreases sharply, it eventually stabilizes and remains
slightly above the training loss, reflecting the model’s effectiveness in generalization.
The final evaluation metrics reinforce this strong performance, with an accuracy of
92.16%, a perfect precision of 100.00%, recall of 89.74%, and an F1 score of 94.59%.
These metrics indicate a balanced performance, demonstrating that the model is
effective in identifying both the primary and contrasting classes accurately. The
model effectively combined contrastive learning with few-shot learning to achieve
high accuracy in both training and validation phases.

The model correctly classified 420 instances of the "Star + Exoplanet” class and 144
instances of the ”Star Only” class, with only minor misclassifications. Specifically,
48 "Star + Exoplanet” instances were incorrectly predicted as ”"Star Only,” while
all ”Star Only” instances were classified correctly, resulting in no false positives for
this class. This confusion matrix, shown in Figure 4.2, illustrates the model’s strong
precision, particularly in detecting "Star Only” instances with no false positives.
The combined use of contrastive learning with a Siamese network contributed to
the model’s high accuracy in both training and validation stages. It eventually
stabilized above 90%, indicating good generalization to unseen data.The overall
precision (100%) and recall (89.74%) reflect the model’s effectiveness in minimizing
false positives and false negatives, crucial in the domain of exoplanet detection.

4.2.2 MobileNetV2

Figure 4.3: MobileNetV2 Accuracy and loss
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Figure 4.4: Confusion matrix of MobileNetV2

The pretrained MobileNetV2 model demonstrated effective performance in the ex-
oplanet detection task. Over the course of 25 epochs, the model’s accuracy showed
a steady increase as it learned to distinguish between "Star Only” and "Exoplanet
with Star.” In the initial epochs, both training and validation accuracy rose sharply,
reflecting the model’s rapid learning phase. As the training progressed, the accuracy
gains gradually tapered off, indicating that the model was approaching its optimal
performance. By around the 20th epoch, both training and validation accuracy
stabilized, demonstrating minimal improvement thereafter. This steady accuracy
progression throughout training ultimately led to a final accuracy of 91.99%, indi-
cating the model’s capacity to generalize well without overfitting.

In terms of loss, the MobileNetV2 model showed a continuous reduction in both
training and validation loss, suggesting a smooth learning process. Initially, the
training loss started at a high value of around 1.4 and consistently decreased over
the epochs, reaching approximately 0.1 by the final epoch, reflecting effective opti-
mization during each training step. Similarly, the validation loss followed a com-
parable trajectory, starting around 1.2 and dropping close to 0.3 by the last epoch.
The close alignment between training and validation loss throughout the epochs
highlights consistent performance on unseen data, indicating the model’s ability to
generalize without significant overfitting.

The confusion matrix further illustrated the MobileNetV2 model’s classification ca-
pabilities. For the "Star Only” category, the model accurately predicted 144 in-
stances without any false positives, demonstrating perfect precision in identifying
stars that lacked exoplanets and highlighting the model’s strength in correctly rec-
ognizing stars when no exoplanet is present. In the "Exoplanet with Star” category,
the model correctly classified 419 instances as exoplanets with stars, although it
misclassified 49 instances as "Star Only.” These misclassifications reflect some lim-
itations in recall for exoplanet detection, as 49 exoplanet cases were missed and
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incorrectly labeled as ”Star Only.” Despite these errors, the high number of correct
classifications (419 out of 468 total exoplanet cases) demonstrates strong overall per-
formance, especially in accurately identifying exoplanets when they are present. The
relatively low misclassification rate suggests that, while there is room for improve-
ment in recall for exoplanet detection, the model effectively distinguishes between
stars with and without exoplanets, maintaining a high level of accuracy across both
classes.

Overall, MobileNetV2 demonstrated strong accuracy and stability in its loss metrics,
indicating its effectiveness for the exoplanet classification task. The model’s minimal
misclassifications reflect robust learning, though some improvement in recall for
exoplanet detection could further enhance its performance.

4.2.3 Custom CNN

(a) Custom CNN Accuracy (b) Custom CNN Loss

Figure 4.6: Confusion matrix of Custom CNN
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The custom CNN model for exoplanet detection was trained over 30 epochs, with
its performance evaluated on both training and validation datasets. Throughout
the training process, the model exhibited steady improvement in training accuracy,
starting at a lower baseline and gradually increasing to over 95% by the final epoch.
Similarly, training loss displayed a consistent downward trend, beginning at a higher
value and converging close to zero as the model learned to minimize errors effectively
on the training data.

The validation accuracy, while initially rising, reached a plateau around 85% after
the 10th epoch, suggesting that the model might be close to its generalization capac-
ity on the validation set. Meanwhile, the validation loss demonstrated fluctuations,
stabilizing around 0.4, which may indicate a mild overfitting trend. Despite this,
the model maintained a balanced validation performance, reflecting reasonable gen-
eralization to unseen data. Final evaluation using the confusion matrix highlights
the model’s classification capabilities. Specifically:

» True Negatives (Stars correctly classified as Stars): 122

« False Positives (Stars misclassified as Exoplanets): 22

 False Negatives (Exoplanets misclassified as Stars): 171

» True Positives (Exoplanets correctly classified as Exoplanets): 297

From this data Accuracy of the model was approximately 68.5%, indicating that
the model correctly classified about two-thirds of the total instances. Precision for
Exoplanets stood at 93.1%, showing the model’s high reliability when predicting
exoplanets. Recall for Exoplanets was relatively lower at 63.5%, suggesting that the
model missed a notable portion of actual exoplanet instances. Specificity for Stars
was 84.7%, indicating the model’s strong ability to correctly classify star instances.
The confusion matrix reveals that while the model performs well in identifying
exoplanets with high precision, it struggles with recall, as a significant number of
exoplanets are misclassified as stars. This performance pattern suggests that the
model is effective in minimizing false positives but could benefit from further tuning
to reduce false negatives.

In summary, the custom CNN model achieved a strong balance between precision
and specificity, particularly in identifying exoplanets. Although some overfitting
signs are observed, the overall metrics indicate the model’s effectiveness for exoplanet
detection, with room for further optimization to enhance recall.
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4.3 Comparative Study

As shown in Table 4.1, the Contrastive Learning with Siamese Network model
demonstrated the strongest performance across all key metrics for both star and
exoplanet detection. It achieved the highest accuracy of 92.16%, along with a per-
fect precision of 100%, indicating that it accurately identified all instances labeled
as exoplanets. The model’s recall was 89.74%, showing its capability to correctly
detect nearly 90% of actual exoplanet cases, and its F1 score was 94.59%, reflecting
a well-balanced trade-off between precision and recall.

In comparison, MobileNetV2 also exhibited strong performance, achieving an accu-
racy of 91.99% and a precision of 100%. However, its recall was slightly lower at
89.53%, leading to a comparable but marginally lower F1 score of 94.48%. Despite
its high accuracy, the Siamese Network demonstrated a slight edge in recall and F1
score, suggesting a more balanced generalization across both classes.

On the other hand, the Custom CNN model showed significantly weaker perfor-
mance, with an accuracy of 68.46% and a lower recall of 63.46%, underscoring its
limitations in detecting exoplanets accurately. Although it achieved a precision of
93.10%), its F1 score of 75.48% reveals challenges in both accuracy and recall, par-
ticularly in exoplanet classification.

Overall, the Contrastive Learning with Siamese Network emerges as the top model
for this task, consistently achieving the highest accuracy, balanced classification
metrics, and effective generalization across both star and exoplanet classes. Its su-
perior performance underlines its suitability for complex astronomical classification
tasks, making it the most optimal choice among the models evaluated.

Table 4.1: Performance Comparison Classification Models

Model Accuracy | Precision | Recall | F1 Score
Contrastive Learning with Siamese Network | 92.16% 100% 89.74% | 94.59%
MobileNetV2 91.99% 100% 89.53% 94.48%
Custom CNN 68.46% 93.10% 63.46% 75.48%
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4.4 Comparative Study with YOLO classifier

The overall performance comparison in Table 4.2 demonstrates the exceptional ca-
pability of the Contrastive Learning model with a Siamese Network. This model
achieved a precision of 100.00%, recall of 89.96%, and an F1 score of 94.71%, high-
lighting its effectiveness in accurately detecting and classifying both stars and exo-
planets with minimal false positives and missed detections. The model also achieved
an impressive accuracy of 92.32%, underscoring its reliability in this classification
task.

The YOLOv5 model displayed moderate performance, achieving an accuracy of
90.24%, a precision of 93.60%, a recall of 91.20%, and an F1 score of 92.40%. Al-
though its performance was reasonable, it did not reach the effectiveness of the
Contrastive Learning model with Siamese Network.

The YOLOvVT7 model performed slightly better than YOLOv5, with an accuracy of
92.02%, a precision of 93.03%, a recall of 89.61%, and an F1 score of 91.11%. How-
ever, it still fell short when compared to the proposed Contrastive Learning model
with Siamese Network, especially in precision and F1 score, where the proposed
model demonstrated substantially higher values.

Overall,the Contrastive Learning with Siamese Network model outperformed both
YOLOv5 and YOLOvVT across all metrics, establishing it as the most effective model
for accurate detection and classification tasks related to stars and exoplanets.

Table 4.2: Overall Performance Comparison of Classification Models

Model Accuracy | Precision | Recall | F1 Score
Contrastive Learning with Siamese Network | 92.32% 100% 89.96% | 94.71%
YOLOvH 90.24% 93.60% 91.20% 92.40%
YOLOv7 92.02% 93.03% 89.61% 91.11%
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4.5 Performance Evaluation of Exoplanet and Star
Detection

4.5.1 YOLOvVS5

Figure 4.7: Predicted Output of Exoplanet and Star

In the predicted output figure in 4.7 both "exoplanet” and "star” objects are labeled
with confidence scores. The "star” detections show a consistent confidence score of
0.9 across various orientations which demonstrates high certainty in identifying this
class. Meanwhile the "exoplanet” detections are labeled with a confidence score of
0.8 showing slightly less certainty but still reliable predictions. This consistent label-
ing across multiple instances suggests a stable model performance in distinguishing
and predicting both "star” and "exoplanet” objects in different positions and views
within the dataset. The confusion matrix (Figure 4.8) and training loss and accuracy
curves (Figure 4.9) illustrate the model’s effectiveness in distinguishing between the
two classes.

This confusion matrix (Figure 4.8) shows the classification performance for three
classes: star, exoplanet, and background. Starting with the star class in the first
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row the model correctly predicted 0.98 of the true star instances as star. However
it misclassified 0.02 of the true star instances as background and none as exoplanet.
Moving to the second row which represents the true exoplanet instances the model
accurately classified 0.94 as exoplanet. Nevertheless 0.06 of the true exoplanet in-
stances were incorrectly classified as background and 0.34 were misclassified as back-
ground. In the third row which indicates the background class the model correctly
identified 0.66 of the true background instances as background. Despite this it mis-
classified 0.34 of the background instances as exoplanet and none as star. Thus this
matrix provides insight into both the correct predictions and misclassifications made
by the model across the different classes.

Figure 4.8: Confusion Matrix of Exoplanet with Star

The training and validation loss curves in Figure 4.9 along with various performance
metrics over epochs are shown in this figure. Starting with the training loss curves
we observe a decreasing trend for the box loss which starts at approximately 0.1
and steadily declines to around 0.02. The object loss also shows a similar downward
trend beginning close to 0.025 and reaching around 0.01 by the end of the training.
Additionally the classification loss for training decreases from around 0.025 to almost
zero indicating improved model performance as training progresses.
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Figure 4.9: Loss curve and Performance Curve

In the validation loss curves a similar pattern emerges. The box loss begins at
roughly 0.08 and reduces to about 0.03 by the last epoch. The object loss in valida-
tion shows a decrease from around 0.018 down to approximately 0.006. Furthermore
the classification loss for validation begins at about 0.015 and drops close to zero
indicating the model’s consistent performance across both training and validation.
The precision metric shows an upward trend stabilizing above 0.8 by the later epochs
reflecting improved accuracy in the model’s predictions. Similarly recall increases
over time and reaches around 0.9 indicating better detection rates as training pro-
gresses. The metric mAP@OQ.5 which represents mean Average Precision at loU
threshold 0.5 shows an increase that stabilizes above 0.8 by the end. Finally the met-
ric mAP@0.5:0.95 representing mean Average Precision across multiple IoU thresh-
olds shows improvement over epochs stabilizing around 0.6 indicating balanced per-
formance across various IoU values. Overall these curves show that the model’s
losses decrease while precision recall and mean Average Precision metrics improve
consistently through training.

The figure 4.10 presents two bar graphs that display the Dice coefficient and Inter-
section over Union (IoU) values for two classes: Star and Exoplanet. In the Dice
coefficient graph on the left we observe that the Star class achieves a Dice coefficient
of 1.0 indicating a perfect overlap between predicted and true areas. Meanwhile the
Exoplanet class has a slightly lower Dice coefficient close to 0.9 which suggests a
high but not perfect overlap.
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Figure 4.10: Dice coefficient and IoU OF YOLOv5

On the right side the IoU graph shows similar results. The Star class reaches an
IoU of 1.0 indicating complete intersection with the true area. For the Exoplanet
class the IoU is slightly less than 0.9 which reflects a minor discrepancy between pre-
dicted and actual regions. Altogether these graphs indicate that the model performs
exceptionally well for the Star class while showing strong but slightly less accurate
results for the Exoplanet class.

Overall,this study demonstrates the effectiveness of a YOLOv5-based model in de-
tecting and segmenting stars and exoplanets. With high Dice coefficients and IoU
values, the model shows near-perfect performance for stars and strong accuracy for
exoplanets. Training and validation metrics illustrate consistent improvements, with
decreasing losses and increasing precision, recall, and mean Average Precision.
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4.5.2 YOLOv7

Figure 4.11: Predicted Output of Exoplanet and Star

The confusion matrix in Figure 4.12 provides a detailed analysis of the YOLOv7
model’s performance in distinguishing between two classes: star and exoplanet.
Each cell in the matrix represents the model’s classification accuracy for these cate-
gories, revealing insights into its ability to correctly identify these celestial objects.
The model shows a high true positive rate for both classes. For stars, it correctly
identifies instances with a 97% accuracy, indicating that the model is highly con-
fident in recognizing stars. This strong performance suggests that the model has
effectively learned distinctive features that allow it to accurately differentiate stars
from other classes. Similarly, the exoplanet class achieves a true positive rate of 84%,
which reflects the model’s capability in identifying exoplanets. However, the pres-
ence of misclassifications indicates challenges, particularly in distinguishing between
background noise and actual celestial objects.

43



Figure 4.12: Confusion Matrix of Exoplanet with Star

Additionally, Figure 4.13 presents the training process, showing a steady decline
in the training loss curves, which include box, objectness, and classification losses.
This trend indicates effective learning and convergence over time. However, fluctu-
ations in the validation loss, particularly in ”"val Box,” "val Objectness,” and "val
Classification” losses, suggest some difficulties in maintaining generalization across
different validation sets.

Figure 4.14 illustrates the Dice coefficient and Intersection over Union (IoU) values
for both classes, further highlighting the model’s segmentation and detection accu-
racy. For the star class, the model achieves a Dice coefficient of 0.94 and an [oU of
0.89, reflecting strong accuracy in recognizing and segmenting star objects. For the
exoplanet class, the Dice coefficient is slightly lower at 0.88, with an IoU of 0.78.
These values indicate the model’s relative proficiency in detecting stars while facing
greater challenges with exoplanets. The lower IoU and Dice scores for exoplanets
suggest that the model may struggle to capture the boundaries of exoplanets as
accurately as it does for stars.
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Figure 4.13: Loss curve and Performance Curve

Figure 4.14: YOLOvVT Dice Coefficient

YOLOvVT7, with approximately 40 layers, 36.9 million parameters, and 104.7 GFLOPs,
provides an architecture that balances accuracy and computational efficiency. Dur-
ing validation on a set of 612 images, the model achieved a precision of 0.9 and recall
of 0.88, indicating high detection accuracy. The mAP@0.5 metric reached approxi-
mately 0.92, while mAP@0.5:0.95 was 0.55. This performance highlights the model’s
ability to distinguish between stars, exoplanets, and background, achieving a bal-

anced precision and recall while maintaining segmentation accuracy, as indicated by
the Dice coefficient and ToU values.
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4.6 Comparative Study

In the figure 4.10, which illustrates the results of the YOLOv5 model, the Dice
Coefficient and Intersection over Union (IoU) metrics are shown separately for two
classes: ”"Star” and "Exoplanet.” The Dice Coefficient for the "Star” class is close
to 1.0, indicating nearly perfect overlap between the predicted and actual masks.
However, the Dice Coeflicient for "Exoplanet” is slightly lower, suggesting a small
but noticeable difference. Similarly, the IoU for the "Star” class is also near 1.0,
while the "Exoplanet” class has a slightly lower IoU value. These metrics indicate
that YOLOvVS performs very well for the "Star” class but shows a small drop in
performance for the "Exoplanet” class.

The figure 4.14, representing the results of the YOLOvV7 model, provides a side-
by-side comparison of the Dice Coefficient and IoU values for both classes. For the
"Star” class, the Dice Coefficient is 0.94 and the IoU is 0.89, indicating strong perfor-
mance but slightly less accuracy compared to YOLOv5. For the "Exoplanet” class,
the Dice Coefficient is 0.88, and the IoU is 0.78. While YOLOv7 demonstrates con-
sistent performance across both classes, it has slightly lower values than YOLOV5,
suggesting it may not be as effective in precisely segmenting these classes.

Overall, YOLOV5 outperforms YOLOvVT in terms of both Dice Coefficient and IoU
for the "Star” and "Exoplanet” classes. YOLOV5 achieves higher accuracy, especially
for the "Star” class, and maintains a small advantage for the "Exoplanet” class.
Therefore, YOLOv5 appears to be the better model in this context, as it provides
more accurate segmentation results across the evaluated classes.
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Chapter 5

Conclusion

In conclusion, this thesis demonstrates the potential of leveraging contrastive learn-
ing and few-shot learning for exoplanet detection in direct imaging. While modern
instruments like JWST and MIRI coronagraph have provided high-quality datasets,
traditional methods struggle with the challenges of faint exoplanets and small, im-
balanced datasets. The proposed framework, which integrates contrastive learning
with ResNet18 and Siamese Networks, addresses these challenges by learning ro-
bust representations that separate celestial objects amidst noise and low contrast.
Furthermore, the application of few-shot learning enables effective detection with
limited pixel-labeled data. This approach provides improved accuracy over simpler
methods, demonstrating its potential for advancing direct imaging exoplanet iden-
tification and paving the way for future astronomical discoveries.

While the research showed promising results, several limitations impacted the model’s
scope and performance. The primary challenge was limited access to large-scale an-
notated datasets, which, despite the use of few-shot learning, constrained model
generalization. Access to more diverse datasets would likely improve outcomes.
Additionally, the computational demands of processing astronomical imagery, such
as converting raw FITS files to PNGs, led to some potential loss of information,
even with techniques like median filtering and contrast enhancement. These pre-
processing steps may have affected the model’s ability to capture subtle features.
Furthermore, time constraints significantly limited extensive hyperparameter tuning
and longer training periods, both of which could have enhanced model optimization,
particularly for complex models like SimCLR, MoCo, and Prototypical Networks.
Transfer learning using ResNet18 mitigated some of these challenges, but longer
training and better computational resources would have likely improved results.

5.1 Future Works

The outcomes of this research pave the way for several potential future research
directions:

1. Incorporating Larger Datasets: Expanding the dataset to include more
diverse planetary systems could improve the model’s robustness and accuracy.
Collaboration with astronomical institutions for access to larger datasets from
projects like Gaia and TESS would be beneficial.
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2. Exploring Other Contrastive Learning Models: In future work, addi-
tional contrastive learning models, such as CLIP and BYOL, can be tested
to compare their performance with the ones used in this study. These mod-
els may provide even more effective feature embeddings, which could enhance
classification performance in the few-shot learning setting.

3. Multimodal Learning: The integration of multiple data modalities (e.g.,
combining imaging with light curve data) could provide a richer feature space
for training the models, leading to better detection of exoplanets that may not
be visible in images alone.

This study highlights the potential of using machine learning to tackle some of the

most challenging tasks in astronomy, but continued research is needed to address
these limitations and build upon the findings.
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