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ABSTRACT: As an emerging subject with strong comprehensiveness, machine learning has made varying 
degrees of progress in various fields. In the field of astronomy, it has also been generally used, and there have 
been quantities of research using machine learning for data processing and model prediction. The paper has 
used three algorithms (Decision Tree, Random Forest and Support Vector Machine) to build prediction 
models to classify stars, galaxies, and quasars in the universe and make a comparison among three models. 
The results of the test have shown that the prediction accuracy of the Random Forest model reaches roughly 
98 percent with a great computing efficiency, which performs the best. 

1. INTRODUCTION 

With the development of science and technology, many 
sky survey technology projects have been completed and 
put into operation, such as the Sloan Digital Sky Survey 
(SDSS) [1], making it easier to obtain data and 
information about various celestial bodies. At the same 
time, machine learning technology can now use various 
algorithms to train the massive data obtained from 
observation and collection for efficient classification [2]. 
It is of great significance not only to study the properties 
of various stars, but also to further explore the universe. 
Currently, there have been many achievements in 
academic research in this field. For example, in the 
research of star or galaxy classification based on Stacking 
ensemble learning, the base classifier model is established 
by using support vector machine, random forest and other 
algorithms. The gradient lifting tree is used as the meta 
classifier model. Finally, based on the classification 
accuracy of galaxies and other indicators, the 
classification results are compared with various machine 
learning algorithms. It is found that the accuracy is 
improved by nearly 10%. Another research is about the 
classification of star spectrum based on deep learning. 
Based on the convolutional neural network, the features of 
the star spectrum are extracted and used for classification. 
Compared with the traditional machine learning algorithm, 
the classification result has higher accuracy and 
robustness. 

This test will use Python language, which has the 
advantages of simplicity, expansibility, and so on [3], and 
the library inside is sufficient. Based on the decision tree, 
random forest and support vector machine algorithm, the 
galaxies, stars and quasars in stars are classified, and the 

performance of different models is compared. This 
research can not only improve the low efficiency and 
accuracy of the original method in star classification, but 
also learn the performance of different training models on 
various objects through the classification results, which 
can also provide a certain reference for the selection of 
classifier model in an ensemble learning algorithm. 

2. METHODOLOGY 

2.1. Data 

 
Figure 1 Sample size 

The training data is spectral features observed by the Sloan 
Digital Sky Survey (SDSS). The data consists of 100,000 
stars samples with 17 features.  Among them, there are 
59,445 examples of galaxies, 21,594 examples of stars and 
18,691 examples of quasars, as shown in figure 1. In 
addition, each star sample contains 17 eigenvalues, among 
which the model focuses on the parameters measured by 
the SDSS photometry system in the U, G, R, I, and Z bands, 
as well as the alpha, Delta, and redshift of stars, as shown 
in figure 2. 
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Figure 2 Sample features 

2.2. Data Preprocessing 

As can be seen from the histogram of data distribution in 
the figure above, there is a large imbalance in the data. 
That is, the large difference in the sample numbers of 
galaxies, quasars, and stars will make the training model 
unable to effectively learn the decision boundary, 
resulting in a large deviation [4]. In order to solve this 
problem, the data will be oversampled by using the 
SMOTE function in the imbalanced-learn library of 
Python. 

The working principle of the SMOTE function is to 
randomly select a minority of sample points, then find the 
k points that are closest to the selected points, and connect 
them with the sample points into line segments, so as to 
create more comprehensive samples for the minority data 
[5]. The samples created by the comprehensive 
oversampling method are relatively close to the existing 
few samples in the feature space, which enables the 
classifier to establish a large decision region containing a 
few nearby points. By SMOTE function, the minority data 
are oversampled and acquire new data. As shown in figure 
3, the number of all kinds of star samples is up to 59445. 

 

Figure 3 Number of each category after pretreatment 

Considering that the subsequent operation will apply 
to the Support Vector Machine algorithm, the data should 
be normalized preprocessed to accelerate the accuracy and 
efficiency of model training [6]. The Standardscaler 
function in sklearn library will be used here. Its working 
principle is to de-mean and normalize each feature 
dimension in the data, so that the processed data can 
conform to the standard normal distribution. The 
transformation function is shown as follows: 

𝑥∗ 𝑥 𝜇
𝜎

                                        1  

After normalization, the data sets are acquired as 
shown in figure 4: 

 

 

Figure 4 Normalization 

Galaxies, stars and quasars will be replaced with 
numbers 1, 2 and 3 respectively to facilitate subsequent 
model training operations. Finally, the data set is divided 
for model training and detection with a ratio of 0.3. (70% 
training set, 30% test set). 

2.3. Model Introduction 

2.3.1. Decision tree 

As a common machine learning algorithm, decision tree is 
usually used for classification. As its name suggests, a 

decision tree simulates the basic structure of a tree for 
classification, including a root node, some internal nodes 
and leaves. Among them, each leaf node corresponds to a 
predicted result, while the sample data in each node will 
be allocated to the corresponding child nodes according to 
the results of attribute tests [7]. The root node contains the 
complete data set of the sample, and the path from the root 
node to each leaf node corresponds to the sequence of tests. 
The purpose of decision tree is to generate a model with 
strong generalization ability. 

In this decision tree model training, the information 
entropy is used to measure sample purity, that is, to select 
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the optimal division. The definition formula of 
information entropy is: 

𝐸𝑛𝑡 𝐷 𝑝 𝑙𝑜𝑔 𝑝

| |

                            2  

Among them, the lower the information entropy value 
is, the higher the purity of partition is improved. 

2.3.2. Random forests 

Random Forest is an extended variant of Bagging. It 
builds the Bagging based on the decision tree and 
introduces the shorthand selection of attributes in the 
training process of the decision tree [8]. In other words, 
the decision tree compares the purity of differentiation 
according to the information entropy, gain rate and other 
indicators when it chooses the attributes, so as to select an 
optimal attribute. In Random Forest, a subset containing 
K attributes is randomly selected from the attribute set of 
each node of the base decision tree. Then an optimal 
attribute is selected from this subset for division. In the 
development and application of Random Forest, its 
advantages of simplicity, easy implementation and low 
computational cost lead to strong performance in realistic 
tasks. 

2.3.3. Support Vector Machine 

The Support Vector Machine (SVM) is a binary 
classification model that seeks linear classifiers with the 
greatest distance from sample boundaries in the feature 
space [7]. The basic functional form of its partition plane 
is shown as follows: 

𝜔 𝑥 𝑏 0                                       3  
While ω  represents the direction of the plane, b 

represents the displacement term, which is the distance 
between the plane and the origin. The so-called "interval" 
refers to the sum of the distance between the sample points 
closest to the boundary plane and the plane, which can be 
expressed as: 

𝛾
2

‖𝜔‖
                                    4  

The working principle of SVM is interval 
maximization, which can be specifically interpreted as 
solving the problem of convex quadratic programming. 
For a linearly separable data set, countless hyperplanes 
can be found to divide the samples, but the hyperplane 
with the largest distance to the nearest point of the sample 
is unique [9]. Hence, the support vector machine 
algorithm seeks to find this hyperplane to achieve optimal 
classification. For the nonlinear sample distribution, 
support vector machine also includes kernel skills. 
Through the combination of multiple functions to form 
nonlinear boundary, it can also be transformed into a linear 
classification problem in a higher dimensional feature 
space. 

 
 
 

3. RESULT AND DISCUSSION  

3.1. Decision tree 

This training will use the DecisionTreeClassifier function 
of sklearn. The classification report is shown in figure 5. 
 

 

Figure 5 Classification report 

It can be seen that the accuracy rate of decision tree 
model for galaxies is 95%, the recall rate is 95%, and the 
F1 score is 95%, while the accuracy rate, recall rate and 
F1 score of stars are roughly 99%; For the classification 
of quasars, the accuracy, recall and F1 scores are all 96%. 
The overall accuracy of the model is 97%, and the model 
training takes 0.6 seconds. The model of the decision tree 
has high accuracy, the fastest operation efficiency among 
the three models, and the best performance in star 
classification. In addition, sample training results can be 
evaluated by the confusion matrix and ROC curve. Among 
them, the confusion matrix indicates the details of the 
classification by counting the number of correct and 
wrong classification for each category. The ROC curve 
can perfectly reflect the performance of the model through 
AUC parameters [10]. The larger the AUC value is, the 
better the classification is. 

As shown in figure 6, from the confusion matrix, it 
indicates the number of correct classifications and 
misjudgments in the classification of different categories 
by the decision tree model. The ROC curve, as shown in 
figure 7, shows that the decision tree model has good 
performance in the classification of the three categories. 
Among them, the classification of stars is the best, that is, 
AUC=1.00 

 

Figure 6 Confusion matrix 
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Figure 7 ROC curves 

3.2. Random Forest 

This training will use the Random Forest Classifier 
function in the sklearn library, and the training result is 
shown in figure 8: 
 

 

Figure 8 Classification report 

It can be found that the accuracy rate of random forest 
model for galaxies is 97%, the recall rate is 98% and the 
F1 score is 97%. For stars, the precision rate, recall rate, 
F1 score are 100%. For quasars classification, the 
accuracy rate is 98%, the recall rate is 97%, and the F1 
score is 98%. The overall accuracy of the model is 98%, 
and the model training takes 26.2 seconds. It has the 
highest precision rate among the three models with high 
operating efficiency, and it performs the best. 

The confusion matrix shown in figure 9 indicates the 
details of the classification by the random forest model. In 
the classification of stars, 17,844 are correctly classified 
while only 3 are incorrectly classified. 

As can be seen from the ROC curve in figure 10, the 
random forest model performs well in the classification of 
three different types of stars, with AUC values of 1.00. 

 
 
 

 

Figure 9 Confusion matrix 

 

Figure 10 ROC curves 

3.3. Support Vector Machine 

SVM function in sklearn library will be used in this 
training, and the training results are shown in figure 11: 
 

 

Figure 11 Classification report 

It can be seen that the accuracy rate, recall rate and F1 
score of the support vector machine model for galaxies are 
95%. For stars, the accuracy rate is 97%, the recall rate is 
100%, and the F1 score is 100%. For the classification of 
quasars, the accuracy rate is 98%, the recall rate is 95%, 
and the F1 score is 96%. The overall accuracy is 97%, and 
the total training time of the model is 6 minutes and 46.9 
seconds. The accuracy rate of the model is high, but the 
training time is the longest with the lowest operational 
efficiency. In the confusion matrix shown in figure 12, 
compared with quasars and galaxies, the support vector 
machine model performs the best in the classification of 
stars. Among the 17,847 samples of stars, 17,837 are 
correctly classified, while only 10 are incorrectly 
classified. 
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As can be seen from the ROC curve in figure 13, the 
AUC value reaches roughly 1.00 with high accuracy in the 

classification of stars, while for quasars and galaxies, the 
AUC values are 0.99 and 0.96, respectively. 

 

   

Figure 12 Confusion matrix       Figure 13 ROC curves 

4. CONCLUSION 

Based on the spectral data obtained from the Sloan Digital 
Sky Survey, this study trained the model with decision tree, 
random forest and support vector machine algorithms in 
machine learning, and classified the galaxies, stars and 
quasars in the universe. From the training results of the 
three models, it can be seen that the random forest 
algorithm has the best performance in the dataset, which 
not only has the highest accuracy rate of 98%, but also has 
a high computing efficiency. Compared with it, decision 
tree and support vector machine algoriths have a high 
accuracy rate of 97%, but support vector machine 
algorithm needs the longest time for calculation, whose 
efficiency is the lowest. Besides, all three algorithms 
performed well in the classification of galaxies, stars and 
quasars. As for the best performance in the star 
classification, it may be caused by the obvious difference 
between stellar and the other two stars in nature, resulting 
in the large differences in data. For the training, there are 
also some shortcomings that need to be improved. For 
example, in data processing, the combination of under-
sampling and over-sampling can better avoid over-fitting 
and improve the training accuracy. 
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