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Abstract. Pulsar stars were discovered over 50 years ago. Known for their
radiation pulses observed at regular intervals from planet Earth, they are a
type of neutron star that possesses extremely powerful magnetic fields which
are a result of the collapsed cores of the stars. Prediction of pulsar stars can
be beneficial to scientists as they continue to uncover the mysteries relating
to these exemplary celestial bodies. The purpose of this study is to compare
the performance of various machine learning models to determine which one
of them is the most capable of predicting pulsar stars. The models were built
on the algorithms of Support Vector Machine (SVM), Random Forest and
Naive Bayes. The dataset used in this project is the widely known HTRU_2
dataset. The assessment of the models was done using evaluation metrics
like the F1-score, recall, classification accuracy and precision. The metrics
provided a comprehensive understanding of each model’s performance. The
training and prediction times were also investigated to evaluate the
scalability of the models. Of the models developed, Random Forest soared
as the highest performer in terms of accuracy with 98.32%. Following
closely behind was SVM with 97.56%, a result achieved when combined
with the RBF kernel. The Naive Bayes model, though it was faster than the
other two models, attained an accuracy of 95.42%, as the classification
performance was slightly on the lower side. The concluding study aims to
encapsulate the performance of each model in terms of its strengths and
weaknesses, thereby determining its potential suitability for pulsar
prediction.

1 Introduction

In astrophysics, some of the most studied concepts are those related to pulsar stars. These
fascinating celestial bodies are the result of a supernova explosion that occurs when a neutron
star meets its eventual end. The first sighting of its kind was encountered in 1967 by the
Mullard Radio Astronomy Observatory [1] from a specific point in the sky. PSR B1919+21
was the name assigned to it; informally, it also went by LGM-1, which stood for “Little Green
Men One” [2]. Over the years, there have been multiple pulsar star instances that were
identified; however, it is believed that these are just a small percentage of the actual number
of pulsar stars that exist in our galaxy. Although the pulsar signals tend to be highly regular,
it becomes a challenge to detect them due to certain interferences from Earth-based radio
signals and distortions that are caused by the interstellar medium. Delving into the topic of
pulsar stars proves to be advantageous to furthering studies regarding general relativity,
gravitational waves and exploring the interstellar medium. The rapid spinning of the stars,
coupled with the stable rotational periods, equips them to be used as natural cosmic clocks
that could be used for precise timekeeping. Scientists are able to dig deep into the theories
about life and death in the cosmos. Detecting pulsar signals for classification tasks was
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initially done using complex manual analysis of the signal’s features. This was often a tedious
and time-consuming task that was prone to errors. Recently, however, advancements have
been made using various machine learning techniques to improve the accuracy of tracking
the pulsar signals. This study will aim to showcase how machine learning algorithms such as
Support Vector Machine (SVM), Random Forest and Naive Bayes can assist with the task of
classifying pulsar candidates from enormous datasets. Thereby contributing to the broad field
of astrophysics by demonstrating the ability of modern technology to simplify tasks that were
earlier deemed strenuous. Whether or not these models are feasible is determined by
assessing the models based on their evaluation metrics. These can provide a deeper
understanding of each model’s performance. The dataset used for the models also plays a
role in the outcomes achieved. In this case, the HTRU 2 dataset was implemented with all
three models along with various data-preprocessing steps that were applied to it. Further
advancements in pulsar classification can lead to modifications in fine-tuning models of
stellar evolution as well as detecting ultra-high-energy cosmic rays, which are of particular
interest to scientists. Overall, it intends to enhance deep-space exploration technologies by
utilizing modern machine learning technologies.

2 Literature Review

The study of pulsar stars has been an area of significant interest in astrophysics, with research
spanning decades to improve detection and classification methods. Multiple methods have
been evaluated to classify pulsar signals from the array of signals captured on the radio
telescope. Initially, manual methods were used to classify them based on the feature
characteristics. However, ever since the evolution of technology, various machine-learning
techniques have been implemented to perform this task. Random Forest [3] has proven
effective in handling complex patterns in pulsar data, as it can differentiate between real
pulsars and noise-induced signals. Lately, various deep learning approaches such as
Convolutional Neural Networks (CNNs) have been explored for feature extraction and
classification, outperforming traditional methods in accuracy [4]. Despite these
advancements, pulsar classification still faces challenges such as class imbalance, where
pulsars are significantly outnumbered by non-pulsar signals. Techniques like Synthetic
Minority Over-sampling (SMOTE) [5] and anomaly detection models have been proposed to
address this issue. Additionally, integrating ML models with real-time data processing in
modern radio telescopes, like the Square Kilometre Array (SKA), is a key area of ongoing
research [6]. Table 1 depicts a comprehensive list of studies that have been made based on
Pulsar Star predictions and classifications using various Machine Learning Algorithms. It
highlights the methodologies, limitations, shortcomings and conclusions from the research
papers published that applied algorithms like SVM, Naive Bayes, Random Forest, Logistic
Regression and other machine learning models. The common limitations among them include
challenges relating to imbalanced datasets, noisy data and computational complexity.
Regardless of these challenges, the studies indicate that the use of various machine learning
models has shown substantial outcomes in pulsar prediction in various cases. The research
collectively emphasizes the importance of careful feature selection, hyperparameter tuning
and data preprocessing which is imperative to improving the model’s overall performance.
While the majority of the models show significant results, they also come across several
trade-offs and require fine-tuning to achieve optimal results.
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Table 1. List of Studies on Pulsar Prediction using Machine Learning Algorithms

Methodology | Limitations Shortcomings Conclusion References
SVM, Naive May struggle with Careful tuning of | Comparative [7]
Bayes, imbalanced datasets | parameters is analysis revealed
Adaptive without additional required for all that XGBoosting
Boosting, techniques like algorithms. performed best,
Decision SMOTE. but all models
Tree, KNN, showed strengths
Random in different areas
Forest of classification.
Decision Limited by dataset Performance Machine learning | [8]
Tree, SVM, quality, with noise degrades with algorithms
Random and missing data highly imbalanced | showed
Forest, KNN | posing challenges datasets; difficulty | significant
for feature in feature promise for
extraction. selection. detecting pulsar
stars, though more
data
preprocessing is
needed.
Real-Time Needs real-time Algorithm New principled 9]
Statistical, data, which can be complexity real-time
Data challenging due to increases with the | approach offered
Analysis data delays; number of pulsar improved
computationally candidates; may accuracy over

Forest, and

time-series or

is highly

terms of

demanding on large | require high- older methods,
datasets. performance particularly for
computing large data
infrastructure. streams.
Naive Bayes, | Can be It requires careful | Provides a [10]
Logistic computationally balancing of framework for
Regression, expensive; prone to | preprocessing and | applying machine
SVM, overfitting without model selection learning models to
Decision proper feature steps. pulsar star
Tree, selection and classification with
Perceptron regularization. potential for
scalability.
Random May not work well | Overfitting may Random Forest [11]
Forest. Naive | with high- occur if the can handle
Bayes, Multi- | dimensional data number of trees is | spectral data well,
layer unless proper too high or too though tuning of
Perceptron, feature selection is low. parameters is
SVM applied. essential for
optimal results.

SVM, Naive SVM and Naive Each model has Random Forest [12]
Bayes, Bayes may perform | strengths, but and SVM
Random sub optimally on their performance | performed best in
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LSTM sequential data like | dependent on the predictive power,
Models pulsar data unless feature but other

modified. Random

engineering and

algorithms like

Forest can be hyperparameter Naive Bayes and

computationally tuning. LSTM also had

expensive. significant use
cases.

3 Materials and Methods

The dataset for this project was retrieved from the University of California, Irvine (UCI)
Machine Learning Repository. Named ‘HTRU 2’, this dataset has been widely used for tasks
related to pulsar star classification. The features present in the dataset are extracted from the
observations of radio signals collected by the High Time Resolution Universe Survey (South)
(HTRU). These focus on the specific characteristics of the signals, such as signal-to-noise
ratio, skewness, and kurtosis, which are considered essential in distinguishing pulsar signals
from non-pulsar signals. Based on a binary classification concept, it includes a mix of positive
(pulsar) and negative (non-pulsar) samples, where the main aim is to predict whether the
features of the signal classify a particular signal as that from a pulsar star or not. The positive
samples represent an actual pulsar, while the negative sample is identified as a non-pulsar.
Based on this, the class labels are 0 for non-pulsar and 1 for pulsar signals. The attributes of
the signals are classified on the following — Excess kurtosis of the integrated profile; Excess
kurtosis of the DM-SNR curve; Standard deviation of the DM-SNR curve; Standard deviation
of the integrated profile; Mean of the DM-SNR curve; Mean of the integrated profile;
Skewness of the integrated profile; Skewness of the DM-SNR curve [10]. Table 2 shows a
statistical description of the dataset.

Table 2. Statistical Description of the Dataset

Mean of Mean of | Excess Excess Skewnes | Skewness Standard Standard | target_
the the DM- kurtosis kurtosis s of the of the DM- | deviation deviation | class
integrate SNR of the of the integrate | SNR curve | of the of the
d profile curve integrate | DM- d profile integrated | DM-SNR

d profile | SNR profile curve
curve

count | 17898 17898 17898 17898 17898 17898 17898 17898 17898
mean | 111.0800 12.614 0.478 8.303 1.770 104.858 46.549 26.326 0.091
std 25.653 29.473 1.064 4.506 6.168 106.515 6.843 19.470 0.288
min 5.812 0.213 -1.876 -3.140 -1.792 -1.977 24.772 7.370 0
25% 100.930 1.923 0.027 5.782 -0.189 34.961 42.376 14.437 0
50% 115.078 2.802 0.223 8.434 0.199 83.065 46.947 18.461 0
75% 127.0860 5.464 0.473 10.703 0.928 139.309 51.023 28.428 0
max 192.617 223.392 8.069 34.540 68.102 1191.000 98.779 110.642 1
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Fig. 1. Heatmap showing the Correlation between the Features of the Pulsar Dataset

Figure 1 visually depicts the correlation between the features using a heatmap. There are
quite a few high correlations both negative and positive. However, since there are only 8
features in the entire dataset, all of them have been used. The highest positive correlation is
0.95 between the features - Excess kurtosis of the integrated profile and Skewness of the
integrated profile. Meanwhile, the highest negative correlation is between - Mean of the
integrated profile and the Excess kurtosis of the integrated profile features with a value of
-0.87.

4 Data Preprocessing

The dataset had no null or missing values. However, it contained a considerable number of
outliers, as seen in Figure 2. This was dealt with by using the soft-margin variant of SVM.
Particularly in this case, a few outliers can be classified incorrectly or be classified with a
margin less than 1. This tradeoff is controlled using the C parameter with a Low C value of
10 which is much more lenient and prioritizes finding a more general decision boundary.
Although this results in a slightly higher training error, this is beneficial as it helps the model
to prevent overfitting and adapt better to unseen data.
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Fig. 2. Boxplot charts showing the outliers in the dataset

From the dataset, the column labelled ‘target class’ was extracted as the output label which
the model will predict, while the remaining features were used to train the model. The dataset
was then split into testing and training sets, with 20% of the data being allocated for testing
and the remaining 80% for training. Thus, out of 17,898 records, 14,318 were for training
and 3,580 were for testing. There was a very apparent class imbalance that was noticed. The
number of positive pulsar samples were way less when compared to the instances of the
negative pulsar samples. This imbalance was addressed in the training set samples by using
the Synthetic Minority Oversampling Technique (SMOTE). Here, new synthetic samples are
created within the existing samples in the minority sample class (positive pulsars). This
method picks up a point between an existing sample in the minority class and their
corresponding K-Nearest Neighbour which is found using a distance metric such as the
Euclidean distance metric. These act as reference points for the new data. A new data point
is then created at this specific point which interpolates the values of the features of the two
reference points [13]. Therefore, before the number of samples in the negative pulsar class
was 12,953 and in the positive pulsar class was 1,365. After applying the SMOTE resampling
technique both classes now have the same number of samples which is 12,953. In this
manner, the problem of class imbalance is solved. This method was used for the SVM model.
The features of the pulsar dataset had to be similarly scaled as they all had varying scales.
Hence, feature scaling was done using the Standardization method to shrink the range of the
features so that they are closer together, thereby ensuring that the model does not have a bias
towards bigger numbers of less importance during the training process [ 14]. At this stage, the
data was ready to be trained on the SVM, Random Forest and Naive Bayes Models. The
programming language used for this project is Python. Several Python libraries were also
imported to support the tasks that were implemented. Pandas and NumPy were used for data
analysis, Matplotlib for data visualization, time for tracking the execution time of the models
and the sklearn library mainly handled all tasks related to machine learning.
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5 Results and Discussion

5.1 Support Vector Machine (SVM)

They are supervised machine learning algorithms. In this case, a hyperplane is drawn while
taking all the data points into consideration. The hyperplane is a line that can segregate the
data points into separate classes, as seen in Figure 3. The distance of the line to the nearest
element of each class should be the largest. In cases where the data is not linearly separable,
the data is plotted into higher dimensions so that they can be easily separated. SVM has four
kernel functions that can be employed, namely — Linear, Polynomial, Radial Basis Function
(RBF) and Sigmoid kernels. The linear kernel creates a straight decision boundary, whereas
the polynomial kernel allows for non-linear decision boundaries by projecting data into a
space that is of higher dimension. The RBF kernel is widely used for its ability to handle data
that is non-linearly separable by mapping the feature space into a higher dimension, while
the sigmoid kernel, based on a hyperbolic tangent function, is less commonly used but still
valuable in certain scenarios [11].

A

Support Vectors _ ’
(ClassA) — T———

Support Vectors
(Class B )

Fig. 3. Architecture of SVM

These different kernels provide flexibility in learning from the pulsar dataset, as they can
adapt to various types of data distributions. The Support Vector Machine (SVM) model
achieved quite a high accuracy. All four kernel functions were applied to the data to make a
comparison as seen in Table 3. Among these, the Radial Basis Function (RBF) performed
the best, with an accuracy of 97.65%, thereby proving to be the most effective kernel as it
can handle complex decision boundaries.

Table 3. Accuracy Results of SVM Kernel Functions

Kernel Type Accuracy
Linear 0.9749
Polynomial 0.9729
RBF (Radial Basis Function) 0.9765
Sigmoid 0.8763
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Following closely behind were the Linear and Polynomial kernels, with an accuracy of
97.49% and 97.29% respectively, which is slightly lower than RBF but still shows
competitive performance. The Sigmoid kernel depicted the lowest accuracy at 87.63%,
indicating that it struggles to model the relationships within the data in an effective manner
when compared to the other kernels. Using the RBF kernel, the training time taken was
2.7633 seconds and the prediction time was 0.6667 seconds. Since RBF performed the best,
it was chosen for the final comparison between all the algorithms.

Table 4. Confusion Matrix for SVM Model using RBF

Actual/Predicted Non-Pulsar (Class 0) Pulsar (Class 1)
Non-Pulsar (Class 0) 3244 (TN) 62 (FP)
Pulsar (Class 1) 22 (FN) 252 (TP)

Table 4 shows the confusion matrix for the SVM model using the Radial Basis Function
(RBF) kernel. True Negatives (TN) are 3244, meaning the model correctly identified 3244
non-pulsars. False Positives (FP) are 62, where non-pulsars were misclassified as pulsars.
False Negatives (FN) are 22, where pulsars were misclassified as non-pulsars. True Positives
(TP) are 252, indicating the model correctly identified pulsars.

5.2 Random Forest

Random Forest is a supervised machine learning algorithm that relies on multiple decision
trees with the intention to achieve a final prediction. A random subset of the data is used to
train each tree, and the outputs of all the trees are then combined to generate the final
prediction.. It is capable of handling class imbalance quite well, particularly when combined
with techniques such as assigning class weights or oversampling the minority class. The
output of all trees is then processed in the majority voting system to derive the final decision.
This is considered to be a robust system because apart from using a random subset of the
data, it also uses a random selection of features for splitting the nodes. This randomness
ensures that the trees are less correlated with each other, thereby reducing the risk of
overfitting and helping the model perform better [15]. There were specific parameters that
were tuned for the Random Forest model. The number of decision trees used was 200, in
order to maintain a balance between performance and speed. Each tree’s depth was limited
to 15 to prevent overfitting and capturing the noise in the data. Because we are dealing with
an imbalanced dataset, the class weight was set to ‘balanced’ to prohibit the model from
ignoring the minority classes. For considering the number of features to be used for the best
split, the square root of the total number of features was used as this works well for high-
dimensional data.



EPJ Web of Conferences 343, 05010 (2025) https://doi.org/10.1051/epjcont/202534305010
AIMACE-2025

N /N /N
/N VAN VANVAN
/\ VAN FAWA
\ /N /\

Majority Voting System

|

Final Prediction

Fig. 4. Architecture of Random Forest

The Random Forest Algorithm received an accuracy of 98.32% which is fairly better than
what was achieved with the SVM model. This substantial level of accuracy highlights the
algorithm’s strength in handling binary classification tasks. The model took 4.3113 seconds
for training and 0.0481 seconds for prediction.

Table 5. Confusion Matrix for Random Forest Model

Actual/Predicted Non-Pulsar (Class 0) Pulsar (Class 1)
Non-Pulsar (Class 0) 3280 (TN) 26 (FP)
Pulsar (Class 1) 34 (FN) 240 (TP)

The confusion matrix further clarifies these metrics, as shown in Table 5, 3280 True
Negatives (TN) were correctly identified as non-pulsars. For False Positives (FP), 26 non-
pulsars were incorrectly classified as pulsars. False Negatives (FN) are 34, indicating that 34
pulsars of them were misclassified as non-pulsars. True Positives (TP) are 240, meaning the
model successfully classified them as pulsars. These low misclassification rates highlight the
robustness of the Random Forest model.

5.3 Naive Bayes

Naive Bayes is another supervised machine learning technique whose foundation is derived
from the Bayes’ theorem as seen in Figure 5. The assumption here is that the features are
independent of each other, thereby giving it the ‘naive’ name. It is often used in problems
like text classification, where the features are conditionally independent [11].
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Fig. 5. Architecture of Naive Bayes

Since the pulsar stars dataset has continuous features, some are assumed to follow a normal
distribution. Therefore, a Gaussian Naive Bayes (GNB) classifier has been used. The
‘var_smoothing’ parameter was applied to add a small value to the variance during
computation to prevent division by zero or extremely small variances that could lead to
numerical instability. The Naive Bayes classifier yielded an accuracy of 95.42%. This result
demonstrates its capability to classify pulsar and non-pulsar stars but falls short when
compared to more complex models like Random Forest and SVM.

Table 6. Confusion Matrix for Naive Bayes Model

Actual/Predicted Non-Pulsar (Class 0) Pulsar (Class 1)
Non-Pulsar (Class 0) 3178 (TN) 128 (FP)
Pulsar (Class 1) 36 (FN) 238 (TP)

The confusion matrix for the Naive Bayes model, as seen in Table 6, indicates that the model
correctly classified 3178 instances as non-pulsars (True Negatives) and 238 instances as
pulsars (True Positives). However, it misclassified 128 non-pulsars as pulsars (False
Positives) and 36 pulsars as non-pulsars (False Negatives). This demonstrates that the model
has a strong ability to correctly identify non-pulsars while maintaining a reasonable accuracy
ratio, although some misclassifications are apparent, particularly in distinguishing the true
pulsars. Regarding computational performance, the training time was extremely fast at
0.0050 seconds, while the prediction time was at 0.0020 seconds, demonstrating the
efficiency of Naive Bayes in real-time predictions.

In Figure 6, the graph illustrates the performance comparison of the three machine learning
models SVM, Random Forest, and Naive Bayes based on their classification accuracy.
Random Forest achieved the highest accuracy at 98.32%, closely followed by SVM, with the
RBF kernel at 97.65%, while Naive Bayes had the lowest accuracy among them at 95.42%.
Table 7 displays the comparison between the three machine learning algorithms - Support
Vector Machine (SVM), Random Forest, and Naive Bayes based on their performance on the
HTRU 2 dataset using various evaluation metrics and several key observations emerge. The
Random Forest model slightly outperforms SVM in accuracy (98.32% vs 97.65%), while the
Naive Bayes model lags behind at 95.42%.

10
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Table 7. Comparison across SVM, Random Forest and Naive Bayes based on Evaluation Metrics

Evaluation Metric Class SVM (RBF) Random Forest | Naive Bayes
Accuracy 97.65% 98.32% 95.42%
Training Time (secs) 2.7633 43113 0.0050
Prediction Time (secs) 0.6667 0.0481 0.0020
Precision 0 0.99 0.99 0.99

1 0.80 0.90 0.65
Recall 0 0.98 0.99 0.96

1 0.92 0.88 0.87
F1 - Score 0 0.99 0.99 0.97

1 0.86 0.89 0.74

When it comes to training times, Naive Bayes produced the fastest results requiring only
0.0050 seconds while Random Forest despite having a higher accuracy, took the longest time
at 4.3113 seconds. As far as precision is concerned, Random Forest performs the best for
pulsars (Class 1) at 0.90, on the other hand, Naive Bayes seemed to struggle with a much
lower precision of 0.65. For recall, SVM has a higher value for pulsars (0.92), although
Random Forest and Naive Bayes perform quite similarly in that aspect with values of 0.88
and 0.87 respectively. The F1-Score for non-pulsars (Class 0) is consistently high across all
models with SVM and Random Forest achieving 0.99, while Naive Bayes is a bit lower at
0.97. For pulsars (Class 1), however, Random Forest (0.89) and SVM (0.86) outperform
Naive Bayes (0.74) thereby indicating that Naive Bayes struggles more with the minority
class. The results of the Naive Bayes model depict that it has a strong performance when
dealing with non-pulsars (Class 0), however, it fails to maintain that performance when it
comes to pulsars (Class 1). Nevertheless, its simplicity and speed make it a viable option for
exploratory analysis or real-time applications where high precision is not a strict requirement.

11
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6 Conclusion and Future Work

The Random Forest model proved to be highly competitive as it demonstrated the best
performance among all the models in terms of accuracy and classification metrics, thereby
making it the most suitable choice for this dataset. Its robustness and the ability to prevent
overfitting contribute to its superior performance which ensures high reliability in identifying
both classes. The model achieves strong precision and recall scores, particularly for the
minority class, making it well-suited for the imbalanced datasets. The computational power
and time for this model are on the higher side as it utilises multiple trees to combine their
outputs [16]. It is a strong contender to be used in situations where the main goal is to
maximise the overall accuracy as it excels at drawing clear decision boundaries between
classes and can perform exceptionally well in situations where precision for a particular class
like pulsars, in this case, is substantial. The time complexity for Random Forest is O(T.nlogn)
where (T) is the number of trees and (n log n) is the complexity of each tree. Despite this, it
is the best-performing model in this study as the overall classification performance of the
Random Forest model outweighs the computational trade-offs.

The Support Vector Machine (SVM) model along with the RBF kernel also performed
well but was slightly outperformed by the Random Forest model. The data preprocessing
techniques such as scaling the features using Standardization and utilising the SMOTE
method for resampling the dataset to address the class imbalance issue have hugely
contributed to this result. The main drawback of using SVM with the RBF kernel is that it
becomes computationally expensive for larger datasets due to its O(n®) complexity.[17] This
issue could be partially addressed by using Principal Component Analysis (PCA) to minimise
the dimensionality of the dataset, which might result in improvements in the training speed
and efficiency.

Meanwhile, Naive Bayes turned out to be efficient but not as accurate. Its main
drawback in this case was the significantly lower precision for pulsars, indicating that it
incorrectly classified a huge number of pulsar instances. In situations where speed is the
topmost priority and there is not much emphasis placed on achieving the best precision for
pulsar classification, it could definitely be beneficial. Although further tuning and
enhancements would be required for the model. The time complexity for Naive Bayes is
O(Np) wherein (N) represents the number of training samples and (p) is the number of
features. [45] Therefore, even when the dataset is large, it remains efficient and provides fast
training since the complexity is linear.

Future efforts could focus on building different models with suited parameters to
achieve even better results. Some of these include Deep Neural Networks (DNN), Logistic
Regression, Gradient Boosting Machines (GBM), etc. There has been use of Convolutional
Neural Networks (CNN) to aid in predicting pulsar stars and they tend to outperform
traditional machine learning models. As seen in [17] where the CNN model built to predict
the pulsars has achieved accuracies higher between 97-98%. This was the result when tried
with different layers and epochs. Impurities in the data can lead to poor model performance,
hence it is essential to use appropriate data pre-processing procedures to enhance the models'
efficacy. Various other methods and advanced feature engineering techniques can be tuned
to further enhance predictive capabilities, especially in real-world scenarios with large-scale
datasets.
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