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Abstract: The identification of exoplanets, planets that orbit stars beyond our solar system, plays a
crucial role in advancing our understanding of planetary formation, system evolution, and the search
for extraterrestrial life. Conventional detection techniques, such as the transit method, depend largely
on manual interpretation and computationally demanding processes, which struggle to handle the
rapidly growing astronomical data from missions like Kepler. Machine learning (ML) presents a
groundbreaking approach to enhance and automate exoplanet detection, improving efficiency and
accuracy. This research examines the implementation of various ML models, including Logistic
Regression, K-Nearest Neighbors, Random Forest, Gradient Boosting, XGBoost, and LightGBM, to
classify light curves obtained from Kepler’s dataset. The developed system attains a classification
accuracy of 96.19%, with strong precision, recall, and F1 scores, demonstrating its reliability. These
findings underscore ML’s potential to transform exoplanet discovery, making it a crucial component
of future astronomical research and exploration.
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I. INTRODUCTION

Exoplanets, defined as planets that orbit stars outside our solar system, are crucial to understanding
the broader universe and the potential for life beyond Earth. The detection of these planets presents
challenges due to their faint and often elusive nature. The advent of space missions like Kepler has
provided a wealth of data, including light curves, which capture variations in star brightness caused by
planetary transits. However, the scale and complexity of this data require advanced methods to process
and analyze it effectively. Machine learning (ML), with its capacity to handle large volumes of data
and identify patterns, offers a promising solution for automating the detection of exoplanets from
Kepler’s light curve data.

This paper explores the application of various ML algorithms to classify Kepler light curves, focusing
on achieving high classification accuracy while addressing challenges such as noisy data and the
complex feature relationships inherent in the astronomical data.

Il. LITERATURE REVIEW

Recent studies have highlighted the effectiveness

of machine learning in improving exoplanet detection, particularly from Kepler mission data. Notable
advancements in this field include:

e Hogg et al. (2018) applied deep learning methods to Kepler data, achieving a 95% classification
accuracy for exoplanet detection, demonstrating the power of neural networks in capturing intricate
data patterns.
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e Oliviero et al. (2019) leveraged Random Forests, a decision tree ensemble method, to classify
Kepler light curves, yielding high precision and recall, thus confirming the utility of Random Forests
in classifying complex datasets.
e Lai et al. (2020) explored the use of Support Vector Machines (SVM) for exoplanet detection,
showcasing SVM's robustness in handling noisy astronomical data and producing reliable predictions.
These studies underscore the growing importance of ML in the field of astronomy and set the
foundation for further research in automated exoplanet detection. Methodology
I. EXISTING SYSTEM
Traditional exoplanet detection systems rely heavily on observational data processed through statistical
techniques. Key methods include:
1. Transit Method: Analyzing periodic dips in a star's brightness caused by a planet crossing its
path. While effective, this method requires extensive manual analysis and is sensitive to noise from
stellar activity.
2. Radial Velocity Method: Measuring shifts in a star's spectrum due to gravitational interactions
with orbiting planets. This technique is computationally expensive and often limited to large planets
close to their host stars.
3. Direct Imaging: Capturing images of exoplanets directly, which is technically challenging due
to the brightness of host stars overshadowing planets.
These systems, while groundbreaking, are constrained by their reliance on human intervention, lengthy
processing times, and vulnerability to data anomalies.

Il. PROPOSED SYSTEM
The proposed system leverages ML algorithms to address the inefficiencies of traditional methods. Its
key features include:

1. Advanced Data Preprocessing:

o Noise Reduction: Applying filters to remove stellar activity and instrumental noise
from light curves.

o Normalization: Standardizing input features to improve model performance.

o Feature Engineering: Extracting relevant features like transit depth, duration, and

periodicity to enhance classification accuracy.
2. Multi-Model Classification:

o Ensemble Learning: Combining predictions from multiple models such as Random
Forest, XGBoost, and LightGBM to improve overall accuracy.
o Algorithm Diversity: Incorporating both linear (e.g., Logistic Regression) and

nonlinear (e.g., Gradient Boosting) models to handle various data complexities.

3. Visualization Tools:

o Integrating interactive dashboards built with Streamlit to display classification results,
confusion matrices, and performance plots for easy interpretation.

I1l. COMPONENTS

The system involves several critical components:

e Kepler Data: The core input comprises light curves, which are time-series data of stellar brightness
variations.

e ML Algorithms: Algorithms like Random Forest and XGBoost are employed for their high
accuracy and ability to handle imbalanced datasets.

e Software Stack: Python libraries such as Pandas and NumPy for preprocessing, scikit-learn for ML
implementation, and Streamlit for result visualization.

IV. SOFTWARE DETAILS

The implementation of this system involves the use of several powerful tools and libraries:

e Python: The primary language for scripting and model execution.

e scikit-learn: A popular library that provides tools for data preprocessing, machine learning models,
and evaluation metrics.
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e XGBoost & LightGBM: These boosting algorithms are employed for enhancing model accuracy,
especially in handling imbalanced datasets.
e Pandas & NumPy: These libraries are used for efficient data manipulation, cleaning, and
normalization.
e Streamlit: An interactive web application framework that allows for real-time visualization of
model performance and results

V. PROPOSED MODEL

e Data Collection: The light curve data from the Kepler mission is retrieved from publicly available
databases and cleaned to remove irrelevant features and anomalies.

e Data Preprocessing: Missing data is imputed, and the dataset is normalized to ensure uniformity
across features. New columns are introduced to differentiate between confirmed exoplanets and
candidates.

e Model Training: Various machine learning techniques, including Random Forest, Gradient
Boosting, and XGBoost, are implemented to train models using the processed dataset.
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e Model Evaluation: The effectiveness of the models is measured using key performance indicators
such as accuracy, precision, recall, and F1-score. Additionally, confusion matrices are created to
provide a visual representation of classification outcomes.
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VI. RESULTS
The effectiveness of the proposed machine learning models was assessed through multiple training
iterations, focusing on critical performance indicators such as Accuracy, Recall, Precision, and F1
Score. These metrics offer a comprehensive insight into the model’s ability to classify exoplanet
candidates accurately.
Figure 1 presents the trend of these metrics over ten iterations, demonstrating a consistent enhancement
in performance. Initially, Accuracy and F1 Score were approximately 0.6, whereas Precision and
Recall exhibited slightly higher values, indicating the model’s initial inclination towards precision-
oriented classification. As training progressed, all metrics showed a steady upward trajectory, with
Accuracy reaching a peak of 96.19% and F1 Score closely following suit.
The findings emphasize the model’s strong generalization capability on Kepler data, even in the
presence of noisy features. This consistent improvement is attributed to advanced preprocessing
techniques and ensemble learning approaches, which refine classification boundaries over time.
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VIl. CONCLUSION

This research highlights the efficiency of machine learning approaches in automating exoplanet
detection. By leveraging models such as Random Forest, Logistic Regression, and XGBoost on
Kepler’s light curve data, the system attained a remarkable accuracy of 96.09%, along with high
precision and recall scores. Among the tested models, Random Forest demonstrated superior
performance, delivering robust predictions while minimizing overfitting. These results emphasize the
transformative role of ML in advancing exoplanet discovery, enabling astronomers to identify new
planets with greater accuracy and efficiency.
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