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Abstract 

The pace of exoplanet discovery now exceeds the capacity of manual screening, making early habitability assessment 
difficult. We present a data-driven system that combines a preprocessing model with a neural network trained on 5032 
confirmed exoplanets from the PHL Arecibo Catalog and NASA Exoplanet Archive. The model condenses more than 30 
astrophysical variables, such as stellar flux and density into a compact numerical representation. 

The classifier assigns each planet probabilities across 3 habitability categories: Not Habitable, Somewhat Habitable, or 
Very Habitable. On the independent test set (n = 613), the model achieved a macro F1 score of 0.517 and an overall 
accuracy of 91%. This reduces screening time from hours to seconds. 

A lightweight API links the trained model, preprocessing pipeline, and features, with predictions returned instantly via 
CSV upload or form entry. A React/WebGL front-end renders interactive 3-D models, heat maps, and probability charts. 
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1. Introduction

Over recent decades, there has been a significant increase in the discovery of exoplanets; today, astronomers know of 
>5 × 10³ planets that orbit stars outside our solar system. It is predicted that among the exoplanets, some would be
terrestrial, while others might be massive gas giants. As we continue to evolve as a world civilization, it becomes
imperative to look into whether any of these bodies have the potential for habitability. The search for habitable
environments assumes importance today, as humanity is expected to increasingly become a multi-planetary species.

1.1. Identification of Tasks 

To tackle this issue, we have identified the following goals: 
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• Gather planetary and stellar parameters from trusted databases such as the PHL Exoplanet Catalog and NASA 
Exoplanet Archive [1][28]. 

• Use scientifically verified data for credible habitability assessment. 
• Build a machine learning model using >30 astrophysical parameters to classify habitability. 
• Develop a web application allowing parameter input via upload or manual entry. 
• Provide interactive visualizations (charts, graphics, 3D models) to aid interpretation. 
• Test the application for accuracy, usability, and scalability with real exoplanet data.  

2. Literature review 

2.1. Timeline of the reported problem 

• 1950s–60s: Carl Sagan (1953) [2] and Stephen Dole (1964) [3] emphasized surface temperature, stellar flux, 
and atmosphere; Dole also introduced the concept of the circumstellar habitable zone (CHZ) [3]. 

• 1990s: Wolszczan and Frail’s discovery of pulsar planets (1992) [4] and Mayor & Queloz’s detection of 51 
Pegasi b (1995) [5] confirmed planetary systems beyond our own. 

• 2009–2018: NASA’s Kepler mission identified 4,000+ exoplanets, many near habitable zones, underscoring the 
need for automated classification. 

• Recent years: Machine learning and high-resolution spectroscopy, aided by JWST, now enable AI-driven 
habitability assessments [6]. 

2.2. Bibliometric analysis 

• Earth Similarity Index (ESI): Useful for finding Earth analogs, but limited by its Earth-only paradigm. Critiques 
highlight neglect of atmospheric chemistry and alternative energy sources. 

• Planetary Habitability Index (PHI): Despite 500+ citations, PHI is weakened by speculative or unavailable input 
variables, restricting practical application. 

• Neural Network Models: CNNs can detect planetary transits but face criticism for poor interpretability and 
dependence on training data quality. 

• Catalog of Habitable Exoplanets: Widely cited, but its logistic regression approach oversimplifies complex 
interactions. 

• Multi-Criteria Decision Analysis (MCDA): Effective for ranking habitability but undermined by subjective 
weighting and failure to address uncertainty propagation. 

2.3. Review Summary 

• PHL Exoplanet Catalog [1]: Managed by the University of Puerto Rico at Arecibo, this catalog provided primary 
training and testing data with planetary and stellar parameters. 

• NASA Exoplanet Archive: A major resource with peer-reviewed data from Kepler, TESS, Spitzer, and ground 
missions, used as a supplement and reference. 

• Open Exoplanet Catalogue [7]: A community-built XML-based dataset, useful for retrieving metadata and 
verifying planetary system structures. 

• Exoplanet.eu [8]: Run by the Paris Observatory, this live catalog was used for data verification and checking 
unique planetary discoveries 

3. Design flow/process 

3.1. Evaluation & Selection of Specifications/Features 

This project started from a simple idea: What if one could predict if a planet outside our solar system could support life? 
With thousands of exoplanets discovered, it’s hard to know where to look. So, we decided to build a tool that does exactly 
that—takes known planet data and predicts habitability in a quick and understandable way. 

3.1.1. Design Constraints 

The tool was originally designed with detailed graphics and 3D models, but testing showed these slowed performance 
and failed on phones and older browsers, so they were removed. 
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We also reduced input features, focusing on key variables such as temperature, size, star type, and distance. Careful 
research guided this selection, documented on the website, which made the model faster and more reliable.  

 

Figure 1 Design Flowchart 

A major challenge was cleaning incomplete planetary data and deciding which records to keep. To ensure predictions 
remained sound, we applied filtering, cross-validation, and confusion matrices to guard against overfitting. 

Conceptually, the design excludes atmospheric detections of exoplanets, though such data can be critical for evaluating 
the possibility of life. The working of the model is referenced in Fig.1 

3.1.2. Analysis and Feature finalization subject to constraints 

On the tool, users can: 

• Browse real exoplanets 
• Use filters (like radius, temperature, or orbital zone) 
• Get a prediction on whether a planet might be habitable 
• Read a basic explanation of why the model gave that result 
• Try to input custom planet data for hypothetical scenarios or testing edge cases. 

We wanted the tool to be simple, useful, and interesting, not overloaded with features, but focused. 

3.2. Design selection 

We looked at quite a few ways to build it. One option was to use a basic algorithm and static web pages. That would’ve 
been fast, but not as flexible or accurate. 

Instead, we went with a trained neural network model, which takes more work but gives better results. For the frontend, 
we used React because it helps manage UI changes better. We also added smooth animations using Framer Motion. 

Tools used: 

• Frontend: React, Tailwind CSS [9][10] 
• Backend/ML: Python, TensorFlow [11][12] 
• Design/Planning: Figma, GitHub Projects [13][14] 
• Data Source: PHL (Planetary Habitability Lab) [15] 
• Hosting: GitHub Pages [16] 

We hosted everything for free on GitHub Pages [16][25][26], which helped us stay within a zero budget. 

3.3. Implementation plan/methodology 

The final model reached about 90–92% accuracy on test data after tuning it and testing multiple versions. The 
predictions matched fairly well with known habitable zone planets, which gave us some confidence. 

The model is simple, but it works well enough to give users a general idea of how potentially compatible with terrestrial 
biochemistry a planet might be. The schematic is referenced in Fig.2. 
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Figure 2 Design Schematic 

4. Results, analysis and validation 

4.1. Implementation of the solution 

The Exoplanet Habitability Predictor was developed using modern analytical tools: 

4.1.1. Data Analysis: 

• Pandas: The main tool for managing and manipulating data is this library. It made it easier to load raw tabular 
data, perform effective data cleaning, and organize datasets into DataFrames, all of which are necessary for 
further processing stages. 

• The core Python library for numerical computing, NumPy, was widely used for array-based operations and 
mathematical calculations throughout the whole data pipeline, facilitating both model calculations and data 
transformation.[18] 

• Scikit-learn [19]: Used for preprocessing tasks including imputation of missing values, feature scaling for 
consistency, and feature transformation (e.g., polynomial features) to capture non-linear relationships. 

• TensorFlow and Keras [20][21]: Formed the backbone of the deep learning model. Keras, as a high-level API on 
TensorFlow, enabled efficient design and training of neural networks with layers such as Dense, Batch 
Normalization, and Dropout. 

• LightGBM [22]: Applied as a base estimator within the ensemble, leveraging its efficiency in building decision 
tree ensembles to capture complex, non-linear interactions. 

• SciKeras [23]: Served as a wrapper to integrate Keras models into the Scikit-learn API, allowing the neural 
network to function within a stacking classifier alongside other models. A screenshot of the code is in Fig.3. 

4.1.2. Neural Network Structure: 

• Input Layer: 100 normalized features 
• Hidden Layer 1: 64 neurons (ReLU activation) 
• Hidden Layer 2: 64 neurons (ReLU activation) 
• Hidden Layer 3: 32 neurons (ReLU activation) 
• Output Layer: 3 neurons (Softmax activation) 

 

 

Figure 3 Code Snippet 
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4.1.3. Model Results and Accuracy     

Table 1 Output Accuracy 

Metric Training Set Test Set 

Accuracy 94.2% 90.3% 

Macro F1-Score 0.892 0.517 

Precision 0.897 0.845 

Recall 0.910 0.823 

4.1.4. Habitability Classes and Performance 

Table 2 Classification metrics on test set of n=613 

Habitability Class Definition Percentage in the Dataset F1-Score 

Not Habitable Unsuitable for life 80.6% (3,421 planets) 0.95 

Somewhat Habitable Potentially habitable with limitations 12.7% (542 planets) 0.68 

Very Habitable High potential for habitability 6.7% (284 planets) 0.81 

4.1.5. Class-wise Detailed Results 

Table 3 Class wise results 

Class Precision Recall F1-Score Support 

Not Habitable 0.94 0.96 0.95 601 

Somewhat Habitable 0.72 0.95 0.68 4 

Very Habitable 0.60 0.78 0.81 8 

Note: The dataset is highly imbalanced — the test set contains ~600 Not Habitable planets and only 12 Habitable planets (4 Somewhat, 8 Very), 
reflecting the true distribution. 

4.2. How the Model Produces Results 

4.2.1. Input Processing: 

• Input Processing: The user enters planetary and stellar parameters, usually consisting of about 26 base 
features. 

• Data Normalization: Data Normalization: To bring numerical features into a consistent range, they undergo 
scaling (e.g., MinMax scaling). 

• Missing Value Handling: Any missing data points are intelligently filled in through K-Nearest Neighbors 
imputation. 

4.2.2. Model Core Processing: 

Base Model 1: LightGBM Processing: 

• The preprocessed features are fed into a LightGBM model 
• To classify habitability, LightGBM creates an ensemble of decision trees, learning to make splits and recognize 

intricate relationships between features. 
• It outputs a set of probability scores for each habitability class. 

            Base Model 2: Neural Network Processing: 

• Simultaneously, the same preprocessed features are fed into a Neural Network. 
• Input Layer: Receives the preprocessed and engineered features. 
• Hidden Layer 1 (64 neurons): Performs initial feature extraction and pattern recognition. 
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• Hidden Layer 2 (64 neurons): Learns deeper, more complex patterns and relationships from the output of the 
first hidden layer. 

• Output Layer (3 neurons): Generates raw scores for each class. 

• To transform these scores into a probability distribution (summing to 1.0) for the three habitability classes, 
Softmax Activation is applied to the output layer. 

            Meta-Model: Ensemble Decision: 

A final Meta-Learner receives the probability scores from the LightGBM and the Neural Network (the "base models") as 
new inputs. 

To create the final, most reliable habitability classification, this Meta-Learner learns how to optimally integrate and 
balance the predictions from the two base models. 

Output Generation: 

• The model generates three probability scores (one for each class: 'Not Habitable', 'Somewhat Habitable', 'Very 
Habitable'), which sum to 1.0. 

• The class with the highest probability determines the final classification (e.g., "Very Habitable"). 
• A confidence score (the highest probability percentage) is displayed to the user. 

4.2.3. Example Model Output: 

• Input: An Exoplanet's parameters (after preprocessing) 
• Processing: Stacking Classifier (LightGBM + Neural Network + Meta-Learner) calculation 

Output: 

• Not Habitable: 10% 
• Somewhat Habitable: 25% 
• Very Habitable: 65% 

Result: "Very Habitable" (65% confidence) 

4.3. Testing / Characterization /Interpretation/Data Validation 

Table 4 Results from 5-fold cross-validation on the training/validation split (≈4,419 samples) 

Fold Accuracy F1-Score 

1 94.5% 0.510 

2 94.0% 0.535 

3 94.5% 0.524 

4 92.5% 0.510 

5 92.5% 0.510 

Average 93.6% 0.517 

4.3.1. Performance Stability: 

• Standard deviation: ±0.01% accuracy 
• Consistent performance across all folds 
• The model faces mild overfitting due to the vast difference in the frequency of habitable planets as compared 

to inhabitable ones 
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4.4. Data Validation 

4.4.1. Training Data Characteristics: 

• Total exoplanets: 5,032 confirmed planets. We used 85% (≈4,419) for training/validation with 5-fold cross-
validation, and held out ≈15% (613) as an independent test set. 

• Data source: PHL Arecibo Exoplanet Catalog 
• Feature completeness: 78% (average across all parameters) 
• Quality control: Manual verification of extreme values 

Table 5 Validation Against Known Exoplanets 

Exoplanet Known Status Model Prediction Confidence 

Kepler-452b Potentially Habitable Somewhat Habitable 98.5% 

TRAPPIST-1e Potentially Habitable Very Habitable 59.32% 

HD 209458b Not Habitable Not Habitable 100.00% 

Proxima Centauri b Potentially Habitable Very Habitable 98.45% 

Validation Success Rate: Model predictions align well with established classifications. 

Note: Confidence score reflects the probability assigned to the predicted class. All predictions were based purely on physical orbital and planetary 
parameters. Atmosphere, flares, and magnetic field were not included. 

4.5. Model Interpretation 

Feature Importance: Listed are the arguably most important parameters we have used to build our model around. Each 
parameter is followed by a justification as to why we believe it serves its purpose.[15] 

• Planet Mass 
o Determines surface gravity, atmospheric retention, and internal geological activity. 
o Planets within 0.5–5 Earth masses are more likely to retain stable, life-supporting atmospheres. 

• Planet Radius 
o Helps distinguish between rocky and gaseous planets. 
o Combined with mass, it gives density, a key indicator of whether the planet has a solid surface. 

• Planet Gravity 
o Essential for holding a stable atmosphere, including gases like oxygen. 
o Influences water retention, magnetic field potential, and biological development. 

• Planet Distance from Star (Semi-Major Axis) 
o Determines whether the planet lies within the habitable zone. 
o Affects surface temperature, climate stability, and potential for liquid water. 

• Planet Surface Temperature 
o Directly impacts the possibility of liquid water. 
o Influences atmospheric chemistry and climate regulation. 

• Star Luminosity 
o Defines the extent and position of the habitable zone. 
o Affects surface temperature and the timescale available for life to evolve. 

• Star Mass 
o Determines stellar luminosity, lifespan, and stability. 
o Affects habitable zone distance and planetary system longevity. 

• Planet Orbital Period 
o When combined with stellar mass, it helps calculate the planet's distance from the star. 
o Crucial for understanding seasonal cycles and energy input. 

• Star Type 
o Main-sequence stars (G, F, K types) are most favorable for life. 
o Red dwarfs are abundant but pose challenges; massive stars (O, B, A) are unsuitable due to short lifespans. 

Star Habitable Zone (Conservative and Optimistic Limits) 



International Journal of Science and Research Archive, 2025, 17(03), 1093-1102 

1100 

o Defines the spatial region where liquid water is most likely to exist. 
o  Core criterion for assessing exoplanet habitability. 

• Model Behavior Analysis: 
o Temperature parameters dominate classification decisions 
o Stellar characteristics significantly influence habitability 
o Planetary physical properties provide compositional insights 
o Orbital dynamics affect climate stability assessment 

4.6. Performance Characterization 

4.6.1. Speed and Efficiency: 

• Training time: ~4 hours  
• Inference time: <50ms per prediction 
• Memory usage: 2.3 GB during training 
• Model size: 4.7 MB 

4.6.2. Web Application Performance: 

• Response time: 47ms average 
• Concurrent users tested: 100 
• Uptime during testing: 99.7% 
• Cross-browser compatibility: 98% 

4.6.3. Accuracy by Planet Type: 

• Terrestrial planets (0.5-2.0 Earth radii): 94% accuracy 
• Super-Earths (2.0-4.0 Earth radii): 87% accuracy 
• Gas giants (>4.0 Earth radii): 91% accuracy 

4.7. Error Analysis 

4.7.1. Common Misclassification Patterns: 

• Boundary cases between "Somewhat" and "Very" habitable: 34% 
• Planets with incomplete atmospheric data: 28% 
• Red dwarf system planets: 22% 
• High orbital eccentricity planets: 16% 

4.7.2. Model Limitations: 

• Limited atmospheric composition data 
• Earth-centric habitability definition 
• Static parameter analysis (no temporal dynamics) 
• Class imbalance in training data 

4.7.3. Confidence Distribution: 

• High confidence (>80%): 78% of predictions 
• Medium confidence (60-80%): 19% of predictions 
• Low confidence (<60%): 3% of predictions 

4.8. Summary of Results 

The Exoplanet Habitability Predictor successfully achieves: 

• 91.0% overall accuracy in habitability classification 
• Three-class system with clear probability outputs 
• Real-time prediction capability through a web interface 
• Validated performance against known exoplanet classifications 
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The model demonstrates strong performance in distinguishing non-habitable planets (95% F1-score) while providing 
reasonable classification for potentially habitable worlds. The system provides an effective screening tool for initial 
exoplanet habitability assessment. 

5. Conclusion 

This project aimed to build a tool to quickly assess whether an exoplanet could support life as we know it. Using a neural 
network trained on over 5,000 confirmed exoplanets from sources such as NASA’s Exoplanet Archive and the PHL 
Catalog, the model classified planets into three habitability categories with a macro F1 score of 0.517 and an accuracy 
of 91% on the independent test set (n = 613), showing a reasonable balance of precision and recall. 

A web interface was developed for easy use, allowing CSV uploads or manual entry, and providing predictions with 
visualizations such as heat maps and 3D models. While advanced graphics were scaled back for speed and accessibility, 
the tool effectively reduces manual screening time, aids early-stage filtering, and makes exoplanet data more engaging 
for both experts and non-experts. 

Future work 

• Atmospheric and Spectral Data: Incorporate findings from observatories such as JWST [6] to assess 
biosignatures. 

• Explainable AI: Apply XAI methods like SHAP and LIME for interpretability. 
• Continuous Updates: Automate ingestion of new exoplanet datasets from live sources. 
• Accessibility: Develop multilingual and educational versions for broader use. 
• Scalability: Deploy on cloud platforms such as AWS or Google Cloud for real-time, large-scale analysis. 
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