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Abstract 

Human being have always been curious about the space and origins of the earth. Since the ancient 
times, records of some form of research about the stars and celestial phenomenon can be found in 
almost every civilization. The developments in the field of science and technology have always been 
the most essential factors fueling the area of space research. Scientists leverage the most advanced 
technologies in demystifying the space and its constituents. Artificial Intelligence, being one of the 
most emerging technologies, has had a surprising evolution in many fields including space research. 
In this paper, we have used supervised Machine Learning to learning algorithms to classify comets 
into different orbit classes based on their observed properties. The dataset used in this study; Small-
body Database (SBDB) is officially maintained by NASA Jet Propulsion Laboratories. The 
classification of comets has been done according to the eight different orbit classes defined by NASA 
JPL Solar System Dynamics on their official website. 
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I. Introduction  
In this research paper, we will be discussing how the concept of supervised Machine 
Learning can be utilized to classify comets based on their orbits. In this research we 
have used Random Forest model as our base model for the classification of comets. 

We have used different classification algorithms like logistic regression, decision tree, KNN, 
and SVM to build models and evaluated them on the same dataset. It was observed that 
Random Forest models performed better than other models and gave better results with 
higher accuracy and least errors while prediction.  

The dataset used in this study is officially maintained by NASA Jet Propulsion Laboratory. 
Initially we considered all types of comet orbit-classes for training our models. Since the 
orbit classes are imbalanced with some classes having more than 1400 comets and others 
having only 2-3 members, it leads to the overfitting problem. To counter this problem, we 
had to bin the classes with least members into one category which left us with four main 
classes i.e., PAR (Parabolic Comet Orbit), JFc (Jupiter Family Comet Orbit), COM 
(Undefined Orbit) and HYP (Hyperbolic Comet Orbit). We further went on to use 
techniques of oversampling and under sampling to balance the dataset and get more accurate 
results. The columns of the dataset contain the basic observed properties of comets like 
eccentricity, inclination (angle with respect to x-y ecliptic plane), perihelion distance, etc. 
The Random Forest model gives us accuracy of 97.38 % with the standard balanced dataset. 
We have used evaluation models like confusion matrix, precision, recall and F1-score to 
evaluate all the models. These are some of the MOST USED metrics to evaluate any 
classification model and Random Forest model gives the best scores in all these metrics. 
Hence, we decided to proceed with random forest model in our final implementation. 

 

MODEL IMPLEMENTATION WITH THE HELP OF DECISION TREE CLASSIFICATION 

ALGORITHM 

Why did we use the orbit of the comet as the target parameter? 
The orbit of a comet is one of the main criteria to group the comets into their family types. 
Knowing the family of a comet or the orbit class it belongs to, can give us many other 
important details such as, the of its eccentricity, inclination, and other parameters. An 
estimate of whether it is periodic.  

Implementation Details 

To implement the model, we have used python as the programming language. For initial 
processing of the data, we have used python libraries like NumPy, pandas, etc. For further 
pre-processing, model building and evaluation, we have used Scikit-learn library, which 
provides plenty of in-built tools for machine learning. For data visualization we have used 
matplotlib and seaborn.  

 

A. Dataset Description 
 

The dataset that we have used has been taken from JPL (Jet Propulsion Laboratory) of 
NASA and it consists of 3782 rows and thirty-eight columns. The columns consist of 
observed properties of comets like inclination, eccentricity, perihelion distance, argument 
of perihelion, longitude of the ascending node, etc.  

 
 

B. Data Pre-Processing  

Although the data we have taken is well structured and well defined but still a lot of 
processing was needed to make it consumable for a machine learning model. As mentioned 
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above, the dataset initially had thirty-eight columns but few columns like albeto had more 
than 90 percent missing values, so we had to remove such columns. We also had to perform 
oversampling and under sampling to make the dataset balanced. We also binned classes 
like the Chiron-type Comet, Encke-type Comet, Halley-type Comet into one category as 
there were only a few members of these types.  

 

 
C. Data Visualization 
 

All the Visualizations are done with matplotlib, Seaborn, yellow brick library in python. 
Relationship between different parameters of an asteroid is visualized using the dataset. 
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D. Model Implementation and its Detailed Description 
 

Algorithms for machine learning are created to learn from data for a certain circumstance 
and forecast outcomes for unknown data from a related situation. Classification issues are 
also resolved using these techniques. 

 
We utilize a random forest algorithm to estimate the comet category. There are certain 
measures that we use to assess a model's performance. The measures that we employed in 
this study to assess and contrast the various model performances are some of those that 
are presented below. 
 
Precision - The number of true positives divided by the total number of positive predictions 

 
Recall - The ratio between the numbers of Positive samples correctly classified as Positive 
to the total number of Positive samples 

 
F1 score- The Harmonic mean of precision and recall for a more balanced summarization 
of model performance. 

 
Macro-Averaged F1 score (or macro F1 score) - Computed using the arithmetic mean 
(aka unweighted mean) of all the per-class F1 scores. 

 
Weighted-Averaged F1 score – It is calculated by taking the mean of all per-class F1 
scores while considering each class’s support. 

 
Micro-Averaging – It is computed a global average F1 score by counting the sums of the 
True Positives (TP), False Negatives (FN), and False Positives (FP). 
 
Logistics Regression –  
 
Logistic regression is a common Machine Learning method that is based on the Supervised 
Learning approach.  
It is used to predict the categorical dependent variable from a group of independent 
factors.So, the result must be a categorical or discrete value.  
It can be Yes or No, 0 or 1, true or False, and so on, but instead of presenting the precise 
values like 0 and 1, it presents the probability values that fall between 0 and 1. 

 
 
 
 
 
 
 

 Precision Recall F1-
Score 

Support 

COM 0.86 0.90 0.88 141 
HYP 0.90 0.94 0.92 89 
JFc 0.99 0.98 0.98 151 
PAR 0.95 0.93 0.94 337 
Accuracy   0.93 718 
Macro 

Avg 
0.93 0.94 0.93 718 

Weighted 
Avg 

0.94 0.93 0.93 718 
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Random Forest- 
 
It is an algorithm based on Supervised learning approach built on the notion of ensemble 
learning, which is the process of merging numerous classifiers to solve a complicated issue 
and enhance the model's performance. The bigger the number of trees in the forest, the 
higher the accuracy and the lower the risk of overfitting. It takes less training time as 
compared to other algorithms. It predicts output with high accuracy, even for the large 
dataset it runs efficiently. It can also maintain accuracy when a large proportion of data is 
missing. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Precision Recall F1-
Score 

Support 

COM 0.99 0.96 0.97 141 
HYP 0.98 0.93 0.95 89 
JFc 0.99 0.99 0.99 151 
PAR 0.97 0.99 0.98 337 
Accuracy   0.98 718 
Macro Avg 0.98 0.97 0.98 718 
Weighted Avg 0.98 0.98 0.98 718 
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SVM- 
 
Support Vector Machine, or SVM, is a prominent Supervised Learning technique that is 
used for both classification and regression issues. However, it is mostly utilized in Machine 
Learning for Classification difficulties. The SVM algorithm’s purpose is to find the 
optimum line or decision boundary for categorizing n-dimensional space so that we may 
simply place fresh data points in the proper category in the future. A hyperplane is the 
optimal choice boundary. The data points or vectors that are the closest to the hyperplane 
and which affect the position of the hyperplane are termed as Support Vector. Since these 
vectors support the hyperplane, hence called a Support vector. 

 
 Precision Recall F1-

Score 
Support 

COM 0.57 0.68 0.62 141 
HYP 0.46 0.52 0.49 89 
JFc 0.99 0.96 0.98 151 
PAR 0.97 0.88 0.93 337 
Accuracy   0.81 718 
Macro 

Avg 
0.75 0.76 0.75 718 

Weighted 
Avg 

0.84 0.81 0.82 718 

 
 
 

 
 

Decision Tree- 
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A decision tree is a flowchart-like structure in which each internal node represents a "test" 
on an attribute. Classification rules are represented by the pathways from root to leaf. A 
decision tree and its closely related impact diagram are used as a visual and analytical 
decision assistance tool in decision analysis, where the anticipated values (or expected 
utility) of 39 competing options are determined. Decision trees may also be used to 
calculate conditional probabilities in a descriptive manner. The decision tree may be 
linearized into decision rules, with the outcome being the contents of the leaf node and the 
conditions along the way being an if clause conjunction. 
 

 Precision Recall F1-
Score 

Support 

COM 0.96 0.95 0.95 141 
HYP 0.99 0.96 0.97 89 
JFc 0.99 0.96 0.98 151 
PAR 0.97 0.99 0.98 337 
Accuracy   0.97 718 
Macro 

Avg 
0.98 0.97 0.97 718 

Weighted 
Avg 

0.98 0.97 0.97 718 

 

 
 
 

KNN- 
 
The k-Nearest neighbors’ algorithm is a non-parametric supervised learning approach used 
for both Regression and Classification. 
k-NN is a classification method in which the function is only approximated locally, and all 
computation is postponed until the function is evaluated. Because this method depends on 
distance for classification, normalizing the training data can significantly increase its 
performance if the features reflect various physical units or arrive at wildly different sizes. 
The k-NN technique is unique as, its sensitive to the local structure of the data. 

 
 
 

 Precision Recall F1-
Score 

Support 

COM 0.57 0.62 0.59 141 
HYP 0.42 0.46 0.44 89 
JFc 0.99 0.98 0.99 151 
PAR 0.96 0.90 0.93 337 
Accuracy   0.81 718 
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Macro 
Avg 

0.73 0.74 0.74 718 

Weighted 
Avg 

0.82 0.81 0.81 718 

 
 

 
E. How does Random Forest Algorithm work? 
 

Random Forest is a supervised machine learning technique that develops and merges 
several decision trees to form a "forest." It is applicable to both classification and regression 
issues. The Random Forest model is based on the idea that numerous uncorrelated models 
(individual decision trees) perform far better as a group than they do individually. When 
Random Forest is used for classification, each tree provides a classification or "vote." The 
categorization with the most "votes" is chosen by the forest. When utilising Random Forest 
for regression, the forest chooses the average of all tree outputs. 

 
The "bagging" approach is commonly used to train decision trees in an ensemble, as well 
as trees in a Random Forest. The "bagging" approach is a Bootstrap Aggregation ensemble 
machine learning algorithm. An ensemble technique uses predictions from numerous 
machine learning algorithms to create more accurate predictions than a single 
model. Random Forest is an ensemble approach as well. 

 
Bootstrap randomly selects rows and features from the dataset to create sample datasets for 
each model. Aggregation simplifies and combines these sample datasets into summary 
statistics depending on the observation. Bootstrap Aggregation can be used to lower the 
variance of algorithms with large volatility, such as decision trees. 
Variance is a mistake caused by sensitivity to tiny variations in the training dataset. High 
variance causes an algorithm to model unnecessary data, or noise, in the dataset rather than 
the desired outputs, referred to as signals. This is known as overfitting. An overfitted model 
will perform well in training but will be unable to discriminate between noise and signal in 
a real-world test. The bootstrap approach is used to bag a high variance machine learning 
system. 

 
The most convenient advantage of employing random forest is its ability to automatically 
adjust for decision trees' tendency to overfit to their training set. When performing this 
algorithm, using the bagging approach and random feature selection nearly eliminates the 
problem of overfitting, which is fantastic because overfitting leads to erroneous results. 

 
F. Device used to compute the model and evaluate it  
We have implemented everything on a machine, whose configurations are given below,  
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Processor: Intel(R) Core(TM)i5-10210U 
CPU: 1.60 GHz, 2112 MHz, 4 Core(s), 8 Logical Processors 
System Type: 64-bit Operating System, x64-based processor  
Operating System: Windows 11 

 
Conclusions 
 
Space research would get a comprehensive boost with machine learning algorithms.  
In this paper, we decided to proceed with the random forest model after training and 
evaluating different models as random forest model gives the best results. The model will 
become better with time as we collect more data and discover new comets. We can further 
extend the usability of this model to incorporate image data that would be processed using 
advanced deep learning techniques. 
The scope of the current study is limited to the classification of comets. It makes use of 
machine learning to classify the orbital classes of comets. This study can further be 
extended to involve other small body objects as defined by NASA JPL Solar System 
Dynamics. It could also make use of other data such as images. A similar study to estimate 
the diameter of an asteroid was conducted which uses a multi-layer perceptron model. 
These two works could be combined to further automate the process of calculation of 
parameters like the perihelion distance, angle of inclination, etc. 
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