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Abstract

Exoplanets are a promising candidate for future space exploration projects. In this study, we present a semi-
supervised Generative Adversarial Network (SS-GAN), designed to detect and characterize exoplanetary
transits from the Kepler space telescope. The proposed approach combines dropout regularization,
batch normalization, label smoothing, and a composite validation strategy to enhance the stability and
generalization capability of classical GANs. Using a comprehensive set of machine learning baselines, ranging
from traditional classifiers such as Logistic Regression, Random Forest, and Support Vector Machine (SVM),

to deep learning architectures including MLPs and residual networks, the proposed approach achieved an
accuracy of 98.7% while effectively utilizing both labeled and unlabeled samples.. It demonstrated robustness
across multiple evaluation metrics, including balanced accuracy, F1-score, MCC, and threshold-free measures
such as AUROC and AUPRC. These results underscore the importance of exploring generative and semi-
supervised architectures in astrophysics, paving the way for more efficient and reliable discovery of extra-
terrestrial candidates in upcoming large-scale surveys.
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planet moves directly between a star and an observer
on Earth. Exoplanets can be discovered using this
method [3]. When a planet transits or eclipses its host
star, it partially obstructs its light. When measured

1. Introduction

The Kepler space telescope which was launched
on March 6, 2009, has transformed the way we

investigate interstellar space [1]. Modern techniques
for determining star brightness were first applied to
the Kepler space telescope, which was the first of
its kind to do so [2]. It also featured the largest
digital camera available for space observations. Kepler
identified planets by detecting transits—minute drops
in a star’s brightness. In astronomy, a transit occurs
when a celestial body passes between an observer and
a star. One specific type of transit happens when a
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with powerful devices, the star’s light curve will dim
periodically whenever a planet passes by. According to
[3], the likelihood of detecting a transit from Earth is
low. The transit probability [4] can be represented by
the following equation:

Rstar + Rplanet
Ptransit = —————— (M
a
where, Puansit Tepresents the transit probability, and
the radii of the star and planet are denoted by Rstar
and Rplanet respectively, along with a denotes the semi-
major axis of the planetary orbit.
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Figure 1. Change in the Luminosity of a star as a result of
transiting

The planetary transition-induced reduction in
starlight is depicted in Figure 1. The planetary
transit-induced fading of starlight is important for
multiple reasons. It is primarily useful for exoplanet
detection [5] since the detectable brightness decrease
signifies a p lanett ransitingin fronto fi ts h ost star.
Astronomers can verify the existence of planets and
learn vital details about their size, orbital period, and
separation from the star thanks to this phenomenon.
Furthermore, transit observations shed light on the
dynamics of planetary systems, assisting scientists in
comprehending how planets interact with one another
and the general structure of these systems. A portion
of the planet’s atmosphere is illuminated by starlight
while in transit, making it possible to analyze the
atmosphere and determine its composition, including
any possible biosignatures. Large-scale surveys have
also been made easier by the transit method, which
has improved our knowledge of planetary formation
throughout the galaxy and yielded the discovery of
thousands of exoplanets. Ultimately, future missions
that seek to investigate habitable worlds and evaluate
the possibility of extraterrestrial life have been spurred
by the success of transit observations.

The Kepler exoplanet dataset, one of the most exten-
sive sets of astronomical data to date, is a signifi-
cant accomplishment in the field of astrophysics. This
dataset has significantly e nhanced o ur understanding
of the universe, serving as a cornerstone for ground-
breaking discoveries about planetary systems beyond
our own. The Kepler mission has uncovered thousands
of exoplanets, showcasing a vast array of diverse plane-
tary environments and features by meticulously observ-
ing over 150,000 stars for transits, where a planet moves
across the face of its host star.

In addition to expanding our knowledge of the
formation and evolution of planetary systems, the
extensive data set offers u nprecedented opportunities
to apply machine learning algorithms. As researchers
strive to analyze and interpret this vast and complex

information, advanced computational techniques have
become indispensable. Using machine learning tech-
niques, massive amounts of data can be processed
quickly and effectively, revealing complex relation-
ships and patterns that conventional analytical methods
might miss.

The current work attempts to improve the algo-
rithms’ performance by performing an extensive esti-
mation of every algorithm over predefined metrics. This
systematic review aims to increase reliability by weigh-
ing the benefits and drawbacks of each exoplanetary
feature definition algorithm.

Integrating these and other machine learning algo-
rithms into exoplanetary research not only enriches our
understanding of interstellar space but also holds the
profound promise of identifying potentially habitable
planets [6] capable of sustaining life.

1.1. Major Contributions

e This manuscript addresses a Semi-Supervised
Generative Adversarial Network (SS-GAN) frame-
work for exoplanet candidate classification using
data from the Kepler mission. By leveraging
both labeled and unlabeled observations during
training, the proposed approach aims to improve
classification performance while reducing depen-
dence on extensive labeled datasets.

¢ To enhance training stability and model reliabil-
ity, we integrate several optimization and reg-
ularization techniques, including label smooth-
ing, dropout regularization, batch normalization,
gradient clipping, and a composite metric-based
model selection strategy. These components col-
lectively contribute to a more robust learning
process.

e We perform a comprehensive experimental eval-
uation of the proposed framework by comparing
its performance with a diverse set of conventional
machine learning and deep learning models. In
addition, statistical confidence analysis, calibra-
tion assessment, and labeled-data ablation exper-
iments are conducted to provide a thorough eval-
uation of model effectiveness and reliability.

 We demonstrate the capability of the proposed SS-
GAN framework to achieve competitive predictive
performance even under limited-label scenarios.
The results indicate its potential applicability to
future large-scale astronomical surveys, where
obtaining fully labeled datasets can be challeng-
ing and resource-intensive.
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2. Literature Review

Astrophysics [7], and machine learning have benefited
greatly from the use of the Kepler dataset. It provides
priceless insights into exoplanet discovery and analysis.
Applying cutting-edge machine learning methods to
this dataset has improved exoplanet identification effi-
ciency and accuracy while also speeding up discoveries.
Significant advances have resulted from this fusion of
data science and astronomy, highlighting the transfor-
mative potential of interdisciplinary approaches. Uti-
lizing the Kepler dataset effectively requires an under-
standing of key concepts like feature extraction, model
training, validation techniques, and hyperparameter
tuning. Important factors to take into account in this
field include the difficulties of managing unequal class
distributions, handling noisy data, and guaranteeing
the interpretability of models.

The Kepler dataset has been extensively used in
research studies [8, 9, 10, 11, 12, 13]over the decades.
Hesar et al. [14] provided the first input in this
field by describing the application of a Bayesian-based
algorithm. The Gregory-Loredo method, which was
employed to find pulsar star pairs, is the foundation of
this model.

[15] suggested classifying exoplanets from the Kepler
dataset using a deep learning framework. Their model
CNN achieved competitive accuracy in identifying
false positives from possible exoplanets. Based on the
search of 4 years of Kepler time-series photometry, [16]
presented a catalog of the Kepler objects of interest
for transiting exoplanets. They conducted a thorough
analysis of the catalog and came to the 50.5 % reliability
conclusion based on established metrics.

The Kepler exoplanet dataset was analyzed by [17] for
both the supervised and unsupervised learning classes
of the algorithms. They employed various algorithms in
the supervised domains, one of which was the Decision
Tree. The accuracy of the DT classifier was 99.06

A Decision tree Classifier was proposed by [18], who
discovered exoplanets using the Kepler data. An overall
accuracy of roughly 96.5% was obtained using the DT
classifier employed here. The cumulative of the L2-
trans neptunian object observations between a specific
time was presented by[19]. The study comprised sixty-
six targets. Trans-Neptunian objects stand out for
having higher light curve amplitudes at particularly
large sizes, with an average detectability rate of about
56 % for a period of the light curve.

Using the Kepler dataset, [20] conducted a thorough
analysis of numerous classification algorithms. The
accuracy of the decision tree classifier they employed
was 85.9%. Additionally, this classifier received a
F score of 098 and a Recall Score of 0.97. The
application of classical machine learning techniques for
exoplanet detection was suggested by [21]. Using the

light curve data, their suggested model was created
to identify planets that were transiting. Achieving an
accuracy of 94.20 %, their final model was designed.
The Kepler cumulative object of interest dataset was
recommended for use by [13]. Along with a cat-boost
classifier, they employed Random Forest and Recursive
Feature Elimination. With an accuracy of 99.61 %, their
experiments produced incredible results. For the Kepler
dataset, [22] suggested using a 2D CNN and a 3D
LSTM. Compared to the STIM algorithm, their models
generated more true positives and fewer false positives.
While significant progress has been achieved in
exoplanet detection using both traditional machine
learning and deep learning approaches, several limita-
tions remain. Many existing studies primarily focus on
fully supervised learning paradigms that require large
volumes of labeled data. Furthermore, limited atten-
tion has been given to exploiting unlabeled observa-
tions, evaluating model calibration, assessing statistical
robustness, and investigating performance under label-
scarce conditions. Table 1 presents a critical evaluation
of representative studies and highlights the research
gaps addressed in the present work.

3. Methodology
3.1. Motivation

The need to manage and interpret the massive volume
of data gathered by the Kepler space telescope is
the driving force behind the use of machine learning
techniques in the Kepler dataset analysis. The size and
complexity of the dataset make traditional exoplanet
detection and analysis methods impractical. These
methods typically involve manual inspection and
simple statistical techniques. Millions of light curves
have been collected in an enormous dataset by the
Kepler mission, which is searching for planets similar
to Earth in the habitable zones of distant stars. To find
the faint brightness dips that might be exoplanets, these
light curves need to be carefully analyzed.

Previous research in this area makes use of machine
learning to improve and automate the detection
process. Convolutional Neural Networks (CNNs),
which have demonstrated impressive performance in
image recognition tasks, were first used to identify
patterns in the light curves that correspond to
exoplanets by Shallue and Vandenburg [15]. By
using this method, the rate of false positives is
greatly decreased and detection accuracy is increased.
Similarly, Kecskem et al. [19] address the difficulty
of clustering similar exoplanet candidates without the
need for labeled data, which is frequently lacking, by
applying unsupervised learning techniques.

These methods demonstrate the continuous efforts to

increase exoplanet detection accuracy, efficiency, and
scalability with the Kepler dataset. The application
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Table 1. Evaluation of representative studies on exoplanet classification

Reference Methodology Key Strengths Limitations Research Gap
Shallue et al. Convolutional Demonstrated the Requires large labeled Need for data-
[15] Neural = Network effectiveness of datasets and does efficient learning
(CNN) deep learning for not utilize wunlabeled methods capable of
automated exoplanet samples. exploiting unlabeled
detection. observations.
Thompson et Kepler Object of Provided a Focuses on catalog con- Need for  robust
al. [16] Interest  Catalog comprehensive struction rather than pre- automated
Analysis catalog and reliability  dictive classification. classification
assessment of frameworks.
exoplanet candidates.
Jin etal. [17] Supervised and Comprehensive Limited analysis of Need for robust evalu-
Unsupervised comparison of uncertainty, calibration, ation beyond accuracy
Learning Models multiple learning and label scarcity. metrics.
paradigms.
Loganathan Decision Tree Clas-  Simple and Limited capability to cap- Need for more
et al. [18] sifier interpretable ture complex nonlinear expressive deep
classification model. relationships. learning architectures.
Karim et al. Random Forest, Excellent predictive Relies heavily on labeled Need for methods that
[13] RFE, CatBoost performance using data and feature engi- reduce dependence on
ensemble methods. neering. extensive labeling.
Nath et al. 2D CNN and 3D Captures temporal Computationally Need for efficient
[22] LSTM and spatial patternsin intensive and fully semi-supervised
Kepler observations. supervised. approaches.
Proposed Semi-Supervised Utilizes both labeled Higher training Addresses limited-
Work GAN (SS-GAN) and unlabeled complexity compared to label learning and
data, incorporates conventional classifiers.  improves model
stabilization robustness for future
techniques, astronomical surveys.

calibration analysis,
statistical validation,
and labeled-data
ablation studies.

of cutting-edge machine learning techniques not only

overcomes the drawbacks of conventional approaches
but also creates new opportunities for exoplanet

research discovery.

3.2. Data Preprocessing

Data preprocessing was a critical step to ensure model
robustness and reliable training of both supervised
and semi-supervised components. The Kepler dataset
contains astrophysical attributes relevant to exoplanet
detection, including: koi-period, koi-timeObk, koi-
impact, koi-duration, koi-depth, koi-prad, koi-teq,

koi-insol, koi-model-snr,

koi-steff,

koi-srad, and koi-kepmag. The following steps were

applied:

koi-slogg, 3.

1. Handling Missing Data: Missing values were

addressed using Iterativelmputer, which esti-

mates unknown entries

through multivariate

regression based on other available features.
This method preserves statistical relationships
between attributes more effectively than simple

mean or mode imputation.

Normalization: All continuous features were
standardized using the StandardScaler, trans-
forming them to zero mean and unit variance.
This ensured comparable feature scales, which is
particularly important for both neural networks
and distance-based classifiers such as SVM.

fleature Selection: To reduce dimensionality and
mitigate overfitting, Recursive Feature Elimina-
tion (RFE) with Logistic Regression was applied.
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RFE iteratively eliminates the least informative
attributes until the optimal feature subset is iden-
tified for classification tasks.

4. Supervised vs. Unsupervised Partitioning: Since
the proposed model is semi-supervised, the
dataset was divided into:

e Supervised subset: A portion of the data
was retained with class labels (exoplanet vs.
non-exoplanet). This subset was used for
the supervised training component of the
discriminator, which applies cross-entropy
loss on known classes.

e Unsupervised subset: The remaining sam-
ples were treated as unlabeled. These exam-
ples contributed to the unsupervised train-
ing objective of the discriminator, where the
model learns to separate real samples from
generated ones without relying on explicit
class labels.

This preprocessing pipeline ensured that the SS-
GAN could leverage both labeled and unlabeled data
effectively, aligning with the objective of improving
classification performance in scenarios where labeled
astrophysical datasets are limited.

To ensure fair evaluation and eliminate data leakage,
the dataset was first divided into training, validation,
and test partitions before any model training. All
preprocessing operations, including feature scaling and
class-weight estimation, were performed exclusively
using the training data and subsequently applied
to validation and test samples. Within the training
partition, labeled and unlabeled subsets were created
for semi-supervised learning experiments. The test
set remained completely unseen throughout model
development and hyperparameter tuning.

3.3. Proposed Semi-Supervised Generative
Adversarial Network (SS-GAN)

In this work, we propose a robust Semi-Supervised
Generative Adversarial Network (SS-GAN) framework
tailored for classification tasks with limited labeled
data and abundant unlabeled data. The proposed
architecture enhances the stability and generalization
capability of classical GANs by integrating dropout
regularization, batch normalization, label smoothing,
and a composite validation strategy.

Figure 2 illustrates the overall workflow of the pro-
posed SS-GAN framework. The Kepler dataset is first
subjected to preprocessing operations. The processed
data are then partitioned into labeled and unlabeled
subsets to support semi-supervised learning. Within
the SS-GAN architecture, the generator receives ran-
dom noise vectors sampled from a latent distribution

Kepler Dataset

Data Preprocessing

Unlabeled
Data

Noise G " Generated Discriminator
z2~N(0,1) enerator Samples K+1)

Labeled
Data

SS-GAN

Adversarial Feedback

Classification

Performance
Evaluation

Figure 2. Workflow of the proposed Semi-Supervised Generative
Adversarial Network (SS-GAN) framework for exoplanet
classification

and produces synthetic samples, while the discrimi-
nator simultaneously learns from labeled data, unla-
beled data, and generated samples. Through adversarial
training, the generator progressively improves its abil-
ity to generate realistic samples, whereas the discrim-
inator enhances its capability to distinguish between
real and synthetic observations while performing clas-
sification. T he final di scriminator ou tputs ar e utilized
for exoplanet candidate classification, and model per-
formance is subsequently evaluated using multiple sta-
tistical and classification metrics.

Generator. The generator G maps a latent variable z ~
N (0,/) from the latent space R% into the data space
R9x:

zeR% Zox e R, )

Here, z denotes a random noise vector sampled from
a Gaussian distribution, G represents the generator
network, and x" is the synthetic data sample. The
architecture progressively increases hidden dimensions
with linear transformations, LeakyReLU activation,
batch normalization, and dropout. The final layer
applies a tanh activation to ensure bounded outputs.

Discriminator. The discriminator D serves as a classifier
over K + 1 classes, where the additional class corre-
sponds to generated “fake” samples:

D:R% — Rk 3)

Here, K denotes the number of real classes, and the
+1th class is assigned to fake data. The discriminator
is implemented as a deep feed-forward network
with decreasing hidden dimensions, each followed by
LeakyReLU, batch normalization, and dropout. The
output layer applies a softmax function to produce class
probabilities.
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Loss Functions. The SS-GAN framework optimizes
supervised and unsupervised objectives simultane-
ously.

Supervised loss. For labeled data (x, y), we adopt a
weighted cross-entropy with label smoothing:

=— w Sy logp . (4)
sup Vi ik ik
i=1 k=1

Here, N is the batch size, wy, is the weight assigned to
class yi, y'i is the smoothed one-hot encoding of the
true label, and p“x denotes the predicted probability
of class k. Label smoothing reduces overconfidence in
predictions.

Unsupervised loss for real samples. For unlabeled
real samples x., the discriminator minimizes the
probability of misclassifying them as fake:

—Ey, log (1 — prake(xu)) . )

Lunsup-real =

Here, prake(xu) is the discriminator’s predicted proba-
bility that x belongs to the fake class.

Unsupervised loss for fake samples. For generated
samples x" = G(z), the discriminator encourages assign-
ing them to the fake class:

Lunsup—fake = _Ez~p(z) log (prake(G(2))) - (6)

This term enforces the discriminator to correctly
classify synthetic data as fake.

Generator loss. The generator is trained to fool the
discriminator by minimizing:

Lo = —Ez-p(z) log (1 — prae(G(2))) . )

Here, the generator aims to reduce the discriminator’s
confidence in labeling generated samples as fake.

Training Strategy. The discriminator’s overall objective
combines supervised and unsupervised terms:

1 1
I—D = I—sup + ELunsup—real + ELunsup—fake' (8)

This formulation balances contributions from labeled
and unlabeled data. Optimization is performed using
the Adam optimizer with learning rates of 1 X 10-* for
D and 5 X 105 for G, with gradient clipping applied
to enhance stability. Gaussian noise is injected into the
inputs to improve robustness.

Validation and Early Stopping. To monitor generalization,
we define a composite validation metric:

Mya=0.4 - AUC+0.3-F1+0.2- MCC+0.1- ACC.
(9)
Here, AUC denotes the Area Under the ROC Curve,
F1 is the harmonic mean of precision and recall, MCC
is the Matthews correlation coefficient, and ACC is
the classification accuracy. The best-performing model
checkpoint is saved, and training stops early if no
improvement is observed within a patience threshold.

Model Preservation. The framework supports repro-
ducibility by saving both model parameters and pre-
processing pipelines (imputation, scaling, and feature
metadata). This ensures consistent deployment in real-
world applications.

Hyperparameter Selection. Hyperparameters were
selected through iterative experimentation on the
validation set. Candidate configurations were evaluated
using a composite validation metric consisting of
AUROC, F1-score, MCC, and Balanced Accuracy. The
final model was selected based on its overall validation
performance and training stability.

Baseline Selection. The benchmark models were
selected to represent diverse machine learning
paradigms. Logistic Regression serves as a strong linear
baseline, Random Forest captures nonlinear decision
boundaries through ensemble learning, Support Vector
Machines provide Kkernel-based classification, while
MLP and Residual MLP represent deep neural network
approaches. This diverse benchmark suite enables
comprehensive assessment of the proposed SS-GAN
framework.

4, Results and Discussion
4.1, Simulation Setup

Python 3.12 was used as the primary programming
language for the experiments due to its extensive
ecosystem of libraries for scientific computing and
machine learning. The following key libraries and
frameworks were employed:

e PyTorch: Used for building and training the semi-
supervised GAN (SS-GAN) framework, including
the generator and discriminator networks.

o Scikit-learn: Applied for implementing baseline
machine learning models (Logistic Regression,
Random Forest, and Support Vector Machine),
evaluation metrics, and feature selection using
Recursive Feature Elimination (RFE).

e Pandas and NumPy: Utilized for structured
data manipulation, preprocessing, and numerical
computations.
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e Matplotlib: Used for visualization, including
confusion matrices, ROC curves, and performance
comparisons across models.

A comprehensive simulation environment was devel-
oped to evaluate traditional machine learning algo-
rithms, deep learning baselines, and the proposed SS-
GAN. The workflow consists of feature selection, data
preprocessing, model training, cross-validation, and
final testing on a held-out set. The overarching objec-
tive was to assess the ability of each model to detect
exoplanets using Kepler light curve features.

The proposed Semi-Supervised GAN (SS-GAN) was
evaluated comprehensively on the Kepler dataset
using stratified splits. A variety of evaluation metrics
were considered to assess classification accuracy,
probabilistic calibration, and robustness. The results
are summarized below.

The Kepler dataset exhibits moderate class imbal-
ance, with confirmed exoplanets representing approxi-
mately 31% of the observations. To mitigate bias toward
the majority class, class-weighted supervised loss func-
tions were employed during discriminator training.
Furthermore, evaluation relied on Balanced Accuracy,
MCC, AUROC, and AUPRC in addition to standard
accuracy.

4.2. Performance Metrics

The performance results obtained from the simulation
have been listed in this section. Figure 3, 4, 5 demon-
strates stable adversarial training as both networks
achieve equilibrium. Loss curves. The top-left panel
shows the evolution of validation metrics (AUC, F1-
score, and MCC) all converging near 1.0, indicating
excellent validation performance. The top-right panel
decomposes the discriminator’s supervised and unsu-
pervised loss components, revealing consistent learning
and stable adversarial behavior. The bottom-left panel
displays generator loss fluctuations typical of adver-
sarial training, while the bottom-right panel presents
the combined validation score, demonstrating rapid
convergence and stable high performance.

Figure 6 demonstrates promising agreement between
predicted and true labels, with 1001 correctly identified
False Positives and only 4 misclassifications.

Figure 7 demonstrates discriminative capability with
an area under the curve (AUC) of 0.996, indicating high
classification performance. The dashed line represents
arandom classifier for reference (AUC = 0.5)

Figure 8 exhibits that the SS-GAN model achieves
an average precision (AP) of 0.995, significantly
outperforming the baseline (AP = 0.314). indicating
better classification accuracy and robustness

Figure 9 represents the residual analysis. Positive
residuals (red) represent overestimated probabilities,

Validation Metrics Evolution
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0.8
0.6
o
—~
o
o
(%)
0.41
0.2
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= F1-Score
0.0 — MCC
0 20 40 60 80 100
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Figure 3. Validation dynamics of semi-supervised GAN model
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Figure 4. Discriminator Loss dynamics of semi-supervised GAN
model
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Figure 5. Generator Loss dynamics of semi-supervised GAN
model

while negative residuals (green) correspond to underes-
timated probabilities. The dashed line at zero indicates
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Figure 6. Confusion matrix of the trained classifier on the
validation dataset
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Figure 7. Receiver Operating Characteristic (ROC) curve of the
proposed SS-GAN model
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Figure 8. Precision-recall curves comparing the proposed
SS-GAN model and the baseline model
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Figure 9. Residual analysis showing the relationship between
predicted probabilities and residuals (predicted - actual)

perfect prediction. The pattern demonstrates overall
good calibration, with minimal bias across most predic-
tion ranges.

Calibration Plot
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Figure 10. Calibration plot for the SS-GAN model

Figure 10 represents the calibration plot. The solid
blue line shows the relationship between predicted
probabilities and observed fraction of positives, while
the dotted diagonal line represents perfect calibration.
The SS-GAN model demonstrates good probability
calibration, particularly at higher predicted confidence
levels, indicating probability estimates for positive
outcomes.

Table 2 reports the detailed evaluation metrics for
SS-GAN, including accuracy, balanced accuracy, F1-
score, Matthews Correlation Coefficient (M CC), and
threshold-free measures such as AUROC and AUPRC.
In addition, probabilistic metrics (log-loss, Brier score,
Expected Calibration Error) and robustness measures
(Cohen’s Kappa, Jaccard index, sensitivity, specificity)
were also computed.
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Table 2. Comprehensive evaluation metrics of SS-GAN (single

run)
Metric Score
Accuracy 0.9884
Balanced Accuracy 0.9838
F1-Macro 0.9864
F1-Micro 0.9884
MCC 0.9730
AUROC 0.9962
AUPRC 0.9946
Log-Loss 0.2016
Brier Score 0.0412
ECE 0.1620
Cohen’s Kappa 0.9729
Jaccard Index (Macro) | 0.9733
Sensitivity 0.9717
Specificity 0.9960

Furthermore, confidence intervals for AUROC and
AUPRC were computed using bootstrap resampling.
AUROC was 0.9962 with 95% CI [0.9929, 0.9987], while
AUPRC achieved 0.9946 with 95% CI [0.9903, 0.9980].
These values highlight the reliability of SS-GAN across
multiple thresholds.

4.3. Eflect of Labeled Data Availability

Table 3 presents the results of the labeled-data ablation
study conducted to evaluate the effectiveness of the
proposed SS-GAN under varying levels of supervision.
The results indicate that the model maintains strong
predictive performance even when only a small frac-
tion of the training data is labeled. With only 5%
labeled samples, the framework achieves an accuracy of
98.43%, an F1-Macro score of 98.15%, and an MCC of
96.37%, demonstrating its ability to learn meaningful
representations from unlabeled observations. Although
a gradual improvement is observed as the proportion
of labeled data increases, the overall performance vari-
ation remains relatively small across different label-
ing fractions. This finding highlights the effectiveness
of the semi-supervised learning paradigm in reducing
dependence on extensive expert annotations. Conse-
quently, the proposed SS-GAN framework is partic-
ularly well-suited for future large-scale astronomical
surveys, where acquiring fully labeled datasets can be
costly, time-consuming, and resource-intensive.

4.4. Statistical Validation

To assess the robustness and reproducibility of the
proposed SS-GAN framework, a statistical validation
study was conducted using 10 independent training
runs with different random seeds. The resulting
performance metrics were aggregated to evaluate the

stability of the model across repeated executions.
The mean performance and corresponding standard
deviations are presented in Table 4.

The statistical analysis demonstrates that the pro-
posed SS-GAN exhibits highly consistent performance
across repeated training runs. The average AUROC and
AUPRC values of 0.9957 and 0.9944, respectively, are
accompanied by extremely small standard deviations,
indicating limited sensitivity to random initialization
and training variability. Similarly, the F1-Macro, MCC,
and Balanced Accuracy metrics remain stable across
runs, further supporting the robustness of the frame-
work.

The reported confidence intervals indicate low
variability across repeated training runs, suggesting
stable optimization behavior and reliable model
convergence. In particular, the narrow confidence
intervals observed for AUROC and AUPRC demonstrate
that the discriminative capability of the model remains
consistently high under different random seeds. These
findings provide additional evidence that the proposed
SS-GAN framework achieves reproducible performance
and is suitable for practical deployment in exoplanet
candidate classification tasks.

Furthermore, normality testing was performed to
evaluate the distribution of performance metrics across
repeated runs. The AUROC (p = 0.1781) and AUPRC
(p = 0.5387) results satisfied the normality assumption,
supporting the reliability of the computed confidence
intervals. Overall, the statistical validation confirms
that the proposed framework delivers stable and
dependable performance beyond a single experimental
realization.

4.5. Benchmark Comparison

To assess the competitiveness of SS-GAN, its perfor-
mance was compared against five baseline models:
Logistic Regression, Random Forest, SVM (RBF), Stan-
dard MLP, and Residual MLP. Table 5 presents the
comparative evaluation. Although Logistic Regression
and MLP achieve marginally higher predictive perfor-
mance on certain metrics, these methods require fully
labeled datasets for training. In contrast, the proposed
SS-GAN leverages both labeled and unlabeled obser-
vations, achieving competitive performance while sub-
stantially reducing dependence on labeled data. This
characteristic is particularly important in astronomi-
cal applications where obtaining expert annotations is
expensive and time consuming.

4,6. Computational Complexity

To provide insight into the computational requirements
of the proposed SS-GAN framework, Table 6 summa-
rizes the number of trainable parameters associated
with each network component.
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Table 3. Labeled-data ablation study of the proposed SS-GAN framework

Labeled flraction | Accuracy | fl1-Macro | MCC | AUROC | AUPRC
0.05 0.9843 0.9815 0.9637 | 0.9916 0.9905
0.10 0.9898 0.9880 0.9762 | 0.9961 0.9946
0.20 0.9898 0.9880 0.9762 | 0.9952 0.9940 ]
0.50 0.9911 0.9896 0.9794 | 0.9960 0.9950
1.00 0.9891 0.9872 0.9746 | 0.9934 0.9929

Table 4. Statistical validation results over 10 independent runs

Metric

Mean =+ Std

95% CI

Balanced Accuracy
F1-Macro

MCC

AUROC

AUPRC

0.9813 + 0.0059
0.9816 + 0.0113
0.9636 + 0.0219
0.9957 + 0.0011
0.9944 + 0.0010

[0.9685, 0.9865
[0.9573, 0.9899

[0.9936, 0.9969

]
]
[0.9166, 0.9799]
]
|

[0.9925, 0.9956

Table 5. Performance comparison of SS-GAN against benchmark models

Model Accuracy | Balanced Accuracy | fl1-Macro | MCC | AUROC | AUPRC
Logistic Regression 0.9911 0.9858 0.9896 0.9794 | 0.9976 0.9965
Random Forest 0.9884 0.9815 0.9864 0.9731 | 0.9950 0.9950
SVM (RBF) 0.9904 0.9847 0.9888 0.9778 | 0.9959 0.9950
Standard MLP 0.9904 0.9847 0.9888 09778 | 0.9972 0.9961
Residual MLP 0.9911 0.9858 0.9896 09794 | 09974 | 0.9962
SS-GAN (Proposed)| 0.9870 0.9833 0.9848 0.9698 | 0.9953 0.9940

Table 6. Model complexity of the proposed SS-GAN framework

Component Parameters
Generator 1,233,193
Discriminator 736,259
Total 1,969,452

All experiments were conducted on an NVIDIA
GeForce RTX 3050 Laptop GPU with 4.3 GB of available
memory. The proposed SS-GAN framework contains
approximately 1.97 million trainable parameters,
comprising 1.23 million parameters in the generator
and 0.74 million parameters in the discriminator.
Despite its adversarial architecture, the overall model
size remains moderate and can be trained efficiently on
consumer-grade GPU hardware.

The computational cost of the framework is primarily
associated with the alternating optimization of the
generator and discriminator networks during training.
To mitigate excessive training time and prevent
overfitting, an early-stopping strategy was employed.
Across multiple experimental runs, convergence was
typically achieved well before the maximum training

limit of 200 epochs. These characteristics demonstrate
that the proposed framework offers a practical balance
between predictive performance and computational
efficiency, making it suitable for large-scale exoplanet
classification tasks.

4.7. Discussion & Findings

The benchmark analysis demonstrates that both tradi-
tional and deep learning baselines, including Logistic
Regression, Random Forest, SVM, and MLP variants,
achieve strong performance with accuracies approach-
ing 99%. While the proposed Semi-Supervised GAN
(SS-GAN) does not strictly outperform these supervised
models in absolute accuracy, it achieves comparable
results while requiring fewer labeled instances. This
ability to effectively incorporate unlabeled data offers
a unique advantage in astrophysical research, where
labeled exoplanet datasets are scarce and costly to
curate.

Furthermore, the SS-GAN consistently maintained
high AUROC (0.9953 + 0.0013) and AUPRC (0.9940 =
0.0012), underscoring its robustness in threshold-free
classification. These findings confirm that the model
preserves strong discriminative power, even under
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data imbalance. The aggregate results across 10 runs
also demonstrated stable performance with narrow
confidence intervals, highlighting the reliability of SS-
GAN in practical deployments.

The labeled-data ablation study provides strong evi-
dence that the proposed framework derives meaning-
ful benefit from unlabeled observations. Even when
only 5% of the training data was labeled, the pro-
posed framework achieved an accuracy of 98.43%, F1-
Macro of 98.15%, and MCC of 96.37%, demonstrat-
ing strong utilization of unlabeled observations. These
findings suggest that semi-supervised learning repre-
sents a promising direction for future exoplanet detec-
tion pipelines, particularly in scenarios where labeling
resources are limited.

The comparative analysis highlights several impor-
tant findings:

e Traditional models such as Logistic Regression
and Random Forest offer competitive accuracy
and interpretability, making them valuable for
transparent classification tasks.

e Deep learning models such as MLP and residual
architectures demonstrated excellent predictive
power, but required substantial labeled data to
achieve peak performance.

e Threshold-free metrics (AUROC, AUPRC) con-
firmed the strong discriminative capacity of SS-
GAN, which is essential for detecting rare classes
such as exoplanets in highly imbalanced datasets.

By bridging supervised and unsupervised learning
paradigms, it not only ensures high predictive accuracy
but also improves scalability in scenarios where labeled
data is limited. These results underscore the importance
of exploring generative and semi-supervised architec-
tures in astrophysics, paving the way for more efficient
and reliable discovery of exoplanetary candidates in
upcoming large-scale surveys.

5. Conclusion & Future Works

In this work, we presented SS-GAN, a semi-supervised
generative adversarial network framework for exo-
planet classification using the Kepler dataset. The pro-
posed approach was evaluated against a comprehen-
sive suite of machine learning and deep learning base-
lines, including Logistic Regression, Random Forest,
Support Vector Machines, Multi-Layer Perceptrons, and
Residual MLPs. Experimental results demonstrated that
SS-GAN achieves competitive predictive performance,
attaining an accuracy of approximately 98.7% while
maintaining strong Balanced Accuracy, F1-score, MCC,
AUROC, and AUPRC values. Furthermore, labeled-
data ablation experiments showed that the framework
remains effective even when only a small fraction of

training samples are labeled, highlighting the practical
advantages of semi-supervised learning for large-scale
astronomical surveys where expert annotations are
expensive and limited. These findings suggest that SS-
GAN represents a promising approach for leveraging
both labeled and unlabeled observations in exoplanet
detection tasks.

Despite these encouraging results, several limitations
should be acknowledged. The effectiveness of the pro-
posed framework may be influenced by the underlying
data distribution, particularly when substantial distri-
bution shifts exist between labeled and unlabeled sam-
ples. In addition, the current model relies on tabular
astrophysical parameters derived from Kepler obser-
vations and does not directly exploit the temporal
structure of raw light-curve signals, potentially limiting
its ability to capture subtle transit characteristics. The
experimental evaluation was conducted exclusively on
the Kepler dataset, and therefore further validation on
datasets from missions such as TESS, K2, and PLATO
is necessary to establish broader generalizability. More-
over, similar to many deep learning and adversarial
learning approaches, the proposed SS-GAN functions
primarily as a black-box model, making astrophysical
interpretation of its predictions challenging. Although
calibration analysis indicates reasonably reliable con-
fidence estimates, the framework does not explicitly
model predictive uncertainty, which may be particu-
larly important when assessing borderline exoplanet
candidates and supporting scientific decision-making.

Several avenues remain for future research. Cross-
dataset validation on observations from additional
space missions would provide a more comprehensive
assessment of model robustness and transferability.
A dedicated component-wise ablation study investi-
gating the individual contributions of dropout, batch
normalization, label smoothing, and composite metric-
based model selection could further improve under-
standing of the framework’s behavior and training
stability. Additionally, while repeated-run evaluation,
confidence intervals, and normality analyses were con-
ducted, formal pairwise statistical significance testing
against all benchmark models was beyond the scope of
the present study and represents an important direction
for future work. Future extensions may also incorpo-
rate temporal light-curve information through recur-
rent neural networks, transformer-based architectures,
or hybrid deep learning models capable of captur-
ing transit dynamics more effectively. Finally, integrat-
ing explainable artificial intelligence techniques and
explicit uncertainty quantification mechanisms could
enhance model interpretability and increase confidence
in scientific discoveries derived from machine learning-
based exoplanet detection systems.
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