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Abstract

Pulsar candidate identification is an indispensable task in pulsar science. Based on the characteristics of imbalanced
and diverse pulsar data sets, and the lack of a unified processing framework, we first used dimensionality reduction
and visualization to analyze potential deficiencies caused by the incompleteness of current data set extraction
methods. We found that the limited use of non-pulsar data may lead to bias in the result, which may limit the
generalization ability. Based on the dimensionality reduction results, we propose a Grid Group Uniform Sampling
(GGUS) method. This data preprocessing method improves the performance of Random Forest, Support Vector
Machine, Convolutional Neural Network, and ResNet50 models on Lyon’s features, diagnostic plots, and period-
dispersion measure (period-DM) plots in the HTRU1 data set. The average recall increased by approximately
0.5%, precision by nearly 2%, and F1 score by around 1.2% for all models and in all data sets. In the period-DM
plots testing, the high-performance ResNet50 algorithm achieved over 98% F1 using random sampling. GGUS
demonstrated further improvements in this test, enhancing the average F1 score, precision, and recall by
approximately 0.07%, 0.1%, and 0.03%, respectively.
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1. Introduction

In recent years, the rise of artificial intelligence has led to the
application of machine learning methods across a wide range of
research and industries, aiming to solve frontier problems and
drive innovation in both projects and technology (Camastra &
Vinciarelli 2015; Zantalis et al. 2019). In the field of astronomy,
for example, machine learning has been widely used in pulsar
candidate identification, (e.g., Wang et al. 2018). Given the
significance of pulsar research in detecting gravitational waves
(e.g., Abbott et al. 2017; Xu et al. 2023), navigating in deep
space (e.g., Deng et al. 2013), and providing an exceedingly
accurate timing system (e.g., Hobbs et al. 2020), discovering new
pulsars is also one of major focuses (e.g., Nan et al. 2006; Wang
et al. 2023). Identifying new pulsars requires filtering genuine
pulsar signals from large numbers of candidates from observa-
tional data processing results, making the application of machine
learning algorithms to assist in candidate identification.

Different from typical computer vision tasks, pulsar candidate
data sets are characterized by class imbalance, with pulsars
representing only a very small fraction of the data, while the
majority were consisted of background noises and radio frequency
interferences (RFI). Special algorithm designs are needed to find
pulsar signals and make the algorithms more robust and
transferable. Recent advancements in image recognition algo-
rithms have led to notable successes in pulsar candidate

identification. For instance, Yin et al. (2022) achieved 100%
accuracy on the High Time Resolution Universe (HTRU) survey
data set using Generative Adversarial Networks (GANs) and
Residual Neural Networks (ResNet). Liu et al. (2024b) employed
a semi-supervised method to reduce manual labeling efforts,
which achieved over 90% accuracy on both the FAST and HTRU
data sets with 100 labeled samples. Liu et al. (2024a) addressed
the imbalance in pulsar data by using ResNet, achieving over
97.5% performance across various metrics on both FAST and
HTRU data sets. These studies show the challenges of data
imbalance and potential labeling issues in pulsar searches.
Consequently, many researchers have explored data aug-

mentation techniques to expand pulsar candidate data sets to
counteract data set imbalance problem. The augmentation
ratios vary widely, from several times (e.g., Liu et al. 2023) to
dozens of times (e.g., Agarwal et al. 2020; Liu et al. 2024a),
and even up to 50 times (e.g., Wang et al. 2019). While there is
no precise metric to determine when data augmentation may
lead to overfitting, extreme levels of augmentation may be
hazardous. Excessive data augmentation may result in models
learning limited characteristics of the specific data set, resulting
in a lack of generalizability (Shorten & Khoshgoftaar 2019).
Analyzing existing data sets can give us an understanding of
the distribution of pulsars and non-pulsars, as well as the
impact of non-pulsar signal selection on algorithmic outcomes.
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Moreover, when dealing with large-scale candidate data sets, it
is necessary to evaluate whether the training data set is
sufficient to ensure the algorithm’s robustness and general-
ization capability.

To help algorithms use the pulsar and non-pulsar data sets
comprehensively, we proposed a method called Grid Group
Uniform Sampling (GGUS) for data extraction. Section 2
introduces the characteristics of pulsar candidate data set.
Section 3 explains the rationale for dimensionality reduction
and presents a comparison of the results in the HTRU1 data set.
Section 4 proposes and refines the GGUS method for training
and testing data extraction. Section 5 presents the experimental
results, and Section 6 discusses our results, summarizes our
findings and future research directions.

2. Pulsar Dataset

In the field of pulsar candidate classification, data sets like
HTRU1 (Morello et al. 2014), HTRU2 (Thornton 2013), and
FAST (Wang et al. 2019) are two-class classification data sets
with pulsars and non-pulsars. In this paper, we selected the
HTRU1 data set, one of the most commonly used data sets, for
analysis. The HTRU1 data set comprises a subset of
preprocessed data from the HTRU survey, including 1,196
pulsar instances coming from 521 pulsars and their harmonic
data, along with 89,996 non-pulsar instances.

Based on Lyon et al. (2016)’s review of pulsar candidate
identification and recent studies in the field (e.g., Yin et al.
2022; Liu et al. 2024b), pulsar data sets for machine learning
classification can be divided into two types: numerical data
based on pulsar features and visual image data sets.

The feature-based numerical data are derived from para-
meters that have been designed by researchers (e.g., Lee et al.
2013; Morello et al. 2014; Tan et al. 2018). Parameters such as
the signal-to-noise ratio (S/N), pulse profile, dispersion
measure (DM), pulsar period, and acceleration search are
commonly selected as features for analysis. Among the
manually designed pulsar features, we selected the features
proposed by Lyon et al. (2016) as one of the test data sets in
this study. Details of Lyon’s features are presented in Table 1.

Pulsar candidate samples in image format provide data
details, with each feature value can be learned by algorithms. In
this article, we selected the pulsar diagnostic plots and the
period-dispersion measure (period-DM) plots for analysis and
testing.
The pulsar diagnostic plot consists of four sub-plots.

Figure 1 illustrates diagnostic plot examples of a pulsar signal,
a typical RFI, and a background noise. As one of the
commonly used data set formats, researchers such as Zhu
et al. (2014), Wang et al. (2019), Guo et al. (2019) selected and
extracted specific features from these diagnostic plots for
training and testing in their algorithms.
The period-DM plots, shown in Figure 2, reflect how the S/

N of a signal varies with different periods of folding and
different dispersion values. In period-DM plots, the most
notable distinction between RFI and pulsar signals is that RFI
usually does not exhibit significant dispersion, and its S/N
often peaks at zero dispersion. In contrast, noise typically
shows relatively low S/N values and lacks distinctive periods
and dispersion characteristics.
This paper will apply Lyon’s features, diagnostic plots, and

period-DM plots obtained from HTRU1 for processing and
testing.

3. Data Preprocessing and Visualization

Wang et al. (2018) argued that although manually designed
features are compact and concise, their reliance on human
design may lead to bias. In contrast, image-based data sets,
though large and challenging to train, tend to yield more
precise results. We also found that, with the increasing
computational power, image recognition algorithms are
advancing, and most recent approaches are result-oriented
(e.g., Lyon et al. 2016; Wang et al. 2019). However, few
researchers (e.g., Wang et al. 2019) have conducted in-depth
analyses of the intrinsic features of pulsar data.
Hence, the first objective of this paper is to analyze the

features of pulsar data sets from a macro perspective. We aim
to provide a comprehensive and quantitative understanding of
the overall characteristics of pulsar data.
For algorithm selection, dimensionality reduction (Garzon

et al. 2022) is chosen as the basis for visualization analysis.
Compared to the original data set, dimensionality reduction
offers advantages such as improving data set usability,
reducing computational overhead, removing noise, and making
results easier to interpret and visualize (Garzon et al. 2022).
Common dimensionality reduction algorithms include Princi-
pal Component Analysis (PCA; Abdi & Williams 2010),
Linear Discriminant Analysis (LDA. Tharwat et al. 2017),
Local Linear Embedding (Roweis & Saul 2000), Multi-
dimensional Scaling (Torgerson 1952), t-distributed Stochastic
Neighbor Embedding (Van der Maaten & Hinton 2008), and

Table 1
Features Designed by Lyon et al. (2016)

No. Description Feature

1 Mean of the integrated profile Pμ

2 Standard deviation of the integrated profile Pσ

3 Excess kurtosis of the integrated profile Pk

4 Skewness of the integrated profile Ps

5 Mean of the DM-SNR curve DMμ

6 Standard deviation of the DM-SNR curve DMσ

7 Excess kurtosis of the DM-SNR curve DMk

8 Skewness of the DM-SNR curve DMs
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Isomap (Tenenbaum et al. 2000), which cover various methods
including linear, nonlinear, and manifold learning approaches.

When dealing with large data sets, nonlinear and manifold
learning algorithms experience exponential increases in
computational complexity as the data set size grows. This
phenomenon may lead to the “curse of dimensionality.”
Therefore, efficient and interpretable linear dimensionality
reduction algorithms are preferred. Among linear algorithms,
we selected the PCA as the method for dimensionality
reduction and visualization. PCA is an unsupervised method,
which can reduce data dimensions while preserving essential
information, facilitating subsequent visualization and analysis.

3.1. Principal Component Analysis (PCA)

PCA is one of the most well-known linear dimensionality
reduction algorithms. It projects high-dimensional data onto a
lower-dimensional subspace while retaining most of the
variance in the original data. The core idea of PCA is to
identify the directions in which the variance of the data is
maximized and project the data onto these directions, which are
known as principal components (Abdi & Williams 2010).

Let the original data that needs to be reduced be represented

as an m × n matrix
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points. The goal of the PCA algorithm is to reduce the m-
dimensional data to k-dimensions (m > k).
The PCA algorithm (Abdi & Williams 2010) can be divided

into the following steps:
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Figure 1. Pulsar diagnostic plot examples with four sub-plots. The plots from left to right are for signals of a pulsar, an RFI, and a background noise. In each plot, the
four sub-plots from up to bottom and left to right are Profile, DM-S/N, Sub-Bands, and Sub-Integrations.

Figure 2. Pulsar period-DM plot examples. The plots from left to right are for signals of a pulsar, an RFI, and a background noise.
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2. Calculate the covariance matrix C:
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3. Find the eigenvectors ( )= ¼e e eE , , , m1 2 and their
corresponding eigenvalues Λ = (λ1, λ2, K, λm) of the
covariance matrix C, which satisfy the following relation:
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4. Select the top k eigenvectors corresponding to the largest
k eigenvalues to form a new matrix ( )l l l¢ = ¼¢ ¢ ¢P , , , k

T
1 2 .

5. Project the original data set onto the new space
formed by the eigenvector matrix ¢P to obtain the
reduced-dimensional matrix:

( )= ¢Y P A. 4

PCA is widely applied in machine learning, including for data
visualization, feature extraction, and data compression. It is
particularly effective for linear data and performs well on high-
dimensional data sets. By reducing the dimensionality of the
data, PCA helps improve the performance and interpretability
of machine learning models (Jolliffe & Cadima 2016).

3.2. Dimensionality Reduction Results

As of now, no researchers have detailed whether using a
subset of the non-pulsar data set instead of the entire data set
affects the same algorithm’s performance. To compare the
potential impact of using a partial non-pulsar data set, we
compared the dimensionality reduction and visualization
results of the two data sets: 1. the pulsar data set (1196
samples) with the first 1196 non-pulsar samples; 2. the entire
data set.

The analysis was performed using three types of pulsar data,
generated in Section 2. The results of the dimensionality
reduction visualizations are shown in Figures 3–5.

3.2.1. Dimensionality Reduction of Lyon’s Features

Figure 3 displays the dimensionality reduction results for
pulsar data. The results indicate that the overall design of the
features is reasonable. The dimensionality reduction results for

the small subset of non-pulsar data (left panel) resemble the
structure observed with the full data set, suggesting that these
features can effectively capture the characteristics of both
pulsar and non-pulsar data. Notably, about 10% of the pulsar
and non-pulsar data points form the edges of a triangular
structure in the reduced-dimension space. This is due to
repeated and incomplete dispersion experiments in some of the
HTRU1 original data. Incomplete dispersion experiments
resulted in missing values for some DM calculations. During
visualization, missing values were replaced with zeros for
analysis.

3.2.2. Dimensionality Reduction of Pulsar Diagnostic Plots

Figure 4 presents the dimensionality reduction results for
pulsar diagnostic plots. Compared to the features designed by
Lyon, the dimensionality reduction of image-based pulsar
candidate data sets shows significant changes. The left panel
exhibits a distinct linear structure, with non-pulsar data
clustering in the lower-left corner. The right panel reveals
substantial variations, with non-pulsar data forming a vertical
bar-like structure around the x-axis range of approximately
0.4–0.6. Meanwhile, pulsar data is concentrated in the central-
right area of the plot. This comparison indicates that training
with a subset of non-pulsar data, like the first 1196 samples,
may introduce biases into the results.

3.2.3. Dimensionality Reduction of Period-DM Plots

Figure 5 shows the dimensionality reduction results for the
period-DM plot. Similar to the findings for the pulsar
diagnostic plot, the dimensionality reduction results for pulsars
with a subset of non-pulsar data differ from those for pulsars
with the full non-pulsar data set. In the visualization of the
small subset (left panel), pulsar and non-pulsar data are
clustered in the lower-left and upper-right regions, respectively,
with some overlap in the middle. The pulsar signals can be
roughly clustered into two sub-groups, both showing a linear
trend from the bottom-left to the upper-right. Compared to the
left panel, the right panel shows a feature distribution skewed
toward non-pulsar data, with non-pulsar samples dominating
the feature space. While pulsar data still clusters in the lower-
left corner, it follows a distinct linear trend from up-left to
bottom-right.
Overall, for the pulsar candidate data set, particularly for

diagnostic and period-DM plots, a reasonable and comprehen-
sive selection of data from the entire data set may help
algorithms learn a more extensive range of features distinguish-
ing pulsars from non-pulsars, thereby improving their perfor-
mance and robustness. Simply selecting a subset of the data set
for training and testing, in contrast, may introduce biases.

4
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4. Grid Group Uniform Sampling Method (GGUS)

The dimensionality reduction results show that data points
occupy distinct positions in visualization plots based on their
characteristics. This indicates the need to capture a compre-
hensive range of data types in training set design, which may
affect model generalization. To make more comprehensive use
of the data set and mitigate the impact of data imbalance, we
designed an algorithm named the Grid Group Uniform

Sampling (GGUS) method.4 GGUS ensures that diverse data
samples are uniformly selected, thereby enhancing model
performance and robustness, as illustrated in Figure 6.
Figure 6 shows the flowchart of the GGUS method. Initially,

performing data set extraction to obtain Lyon’s features,
diagnostic plots, and period-DM plots. PCA is subsequently

Figure 3. The dimensionality reduction results of the HTRU1 Lyon’s features. From left to right, the plots show the pulsars with the first 1196 non-pulsars, and the
pulsars with all non-pulsars. The normalized 2D dimensionality reduction results (range 0–1) were displayed on the x and y axes in figures.

Figure 4. The dimensionality reduction results of the HTRU1 diagnostic plots. From left to right, the plots show the pulsars with the first 1196 non-pulsars, and the
whole data set. The results of dimensionality reduction were normalized to a range of 0–1 and plotted on the x and y axes in figures.

4 https://github.com/Kassisong/GGUS-Grid-Group-Uniform-Sampling
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applied for dimensionality reduction. The “Remove Outlier
Data” step ensures the elimination of anomalous data points to
enhance the reliability of downstream analyses. We selected
four machine learning models: Random Forest (RF), Support
Vector Machine (SVM), Convolutional Neural Network
(CNN), and ResNet50, as described in Section 4.2.2. These
algorithms are selected for testing, and evaluating their
respective performances in different data set formats. The
arrows in the flowchart represent preprocessing to classification
and optimization step.

4.1. The Grid Group Uniform Sampling Algorithm

GGUS can divide data with different characteristics into
various groups based on dimensionality reduction results, and
then uniformly sample data from each group according to the
required amount of data. The grouping strategy is illustrated in
Figure 7.

Figure 7 exhibits a 5 × 5 grid partitioning case. We also
assign numbers to each partition to better illustrate the GGUS
method. The detail of the grid number selection is discussed in
Section 4.3. From the grouping results, we can see that some
groups, such as 0-4, contain no data. Thus, GGUS ignores
these no data groups during the data extraction process.
Conversely, groups with substantial amounts of pulsar and non-
pulsar data, such as 1–0 and 2–3, have data randomly sampled
in proportion for training and validation sets. For groups with
limited pulsar and non-pulsar data (e.g., 0–2 and 4–4) GGUS
ensures proportional data extraction to include samples with
similar characteristics in the training set. Details of GGUS are

provided in the pseudocode of Algorithm 1 and Algorithm 2 in
Appendix A.

4.2. Experimental Design

4.2.1. Dataset Partitioning

In the data set partitioning process, the following conditions
were considered:

1. 80% of the pulsar samples were selected for the training
set, while 20% of the data was allocated to the
validation set.

2. To mimic the phenomenon of imbalance data set in
survey, the validation set was constructed by extracting
20 times the number of pulsar samples from all non-
pulsar samples. To evaluate the performance and
robustness of the algorithm, the training set was created
with varying ratios of non-pulsar to pulsar data, ranging
from 1:1 to 10:1. Specific quantities for training and
testing data are detailed in Table B1 in Appendix B.

4.2.2. Training Algorithms and Evaluation Metrics

To evaluate the improvements achieved by GGUS, we
selected four representative models for testing and analysis:
RF (Breiman 2001), SVM (Noble 2006), CNN (LeCun et al.
1998), and Residual Neural Network (ResNet) (He et al.
2016). RF is an ensemble learning algorithm widely applied
in pulsar candidate identification (e.g., Lyon et al. 2016;
Wang et al. 2019c). SVM, as a classical maximum-margin
classification algorithm, is also frequently used in related

Figure 5. The dimensionality reduction results of the HTRU1 period-DM plots. The left panel shows the result for pulsars with the same number of non-pulsars, and
the right panel shows the result for the entire data set. The results of dimensionality reduction were normalized to a range of 0–1 and plotted in figures.
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studies (e.g., Guo et al. 2017; Devine et al. 2016). CNN
serves as the foundational architecture for convolution-
based deep learning networks. If GGUS proves effective
with CNN, it suggests that other convolution-based deep
learning algorithms may similarly benefit from performance
improvements. ResNet is a typical representative of deep
networks, famous for its robustness, which is commonly

used in pulsar candidate identification (e.g., Xiao-Fei et al.
2021; Liu et al. 2024a). We selected ResNet50 for testing,
which is renowned for its strong generalization and
robustness. Details of algorithms can be found in
Appendix C.
For algorithm evaluation, we used recall, precision, and F1

score (Lyon et al. 2016) as the metrics to calculate the
performance of RF, SVM, CNN, and ResNet50 in pulsar
candidate identification.

4.2.3. Training and Testing Methods

For each experiment, we randomly extracted the required
training and testing data from the HTRU1 data set as described
in Section 4.2.1, and used the selected algorithm to perform
training and testing. Afterward, we applied the GGUS method
to sample the data set, followed by training and testing using
the same algorithms. We repeat every experiment 10 times
under the same conditions obtaining the average performance
and error margins. The results were then used to generate
comparative performance charts, which are shown in Figures 9,
and 11–13.
To control variables, we employ a uniform 5 × 5 grid in the

training and testing process, dividing the data into 25 groups
for group sampling.

4.3. Algorithm Optimization

Analyzing the results after dimension reduction, we can find
that more than 95% non-pulsar data points on the right panel of
Figure 4 fall within a narrow range of x-axis (0.4–0.6), and
those data points’ x-axis value small than 0.4 potentially being
considered outliers. We compare the results before and after
removing outliers in Figure 8. The left panel shows the
dimensionality reduction result from the right panel of

Figure 6. The flowchart of the GGUS method. “Remove Outlier Data” refers to the process of eliminating anomalous data points identified following dimensionality
reduction. RF, SVM, CNN, and ResNet50 represent four machine learning algorithms: Random Forest, Support Vector Machine, Convolutional Neural Network, and
ResNet50, respectively.

Figure 7. Diagram of GGUS’s group strategy. The dimensionality reduction
figure in this example is based on the left panel of Figure 5. The x and y axis
respectively represent the normalized dimensionality reduction range of the
data. The numbers in the diagram represent the “names” of individual grids
resulting from the partitioning process.
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Figure 4, while the right panel shows the result after removing
outliers.

Comparing the results before and after removing outliers in
Figure 8, it can be observed that the distribution of the
dimensionality reduction result after removing outliers is
relatively more uniform. To evaluate whether the outlier
removal affects the algorithm’s performance, we tested the
results before and after outlier removal using GGUS (Figure 9).

From the RF testing results in the left panel of Figure 9, we
can see that although the recall at some ratios decreased after
outlier removal, the average recall changed by less than 0.1%.
However, both the precision and F1 score showed a noticeable
improvement after outlier removal, with an increase of 3.0%

and 1.6%, respectively. In the SVM method in the middle
panel, all metrics experience a rise after outlier removal, with
an average increase of 0.3% in recall, 1.5% in precision, and
1.0% in F1. Similarly, in the CNN method (right panel), all
performance metrics exhibited improvements after removing
outliers (recall: 2.1%, precision: 1.6%, and F1: 1.9%). Based on
these analyses, it can be concluded that dimensionality
reduction followed by outlier removal can enhance algorithm
performance.
The performance of the algorithms may also be affected by

the choice of grid division numbers. To examine the relation-
ship between the number of grid divisions (ranging from 2 × 2
to 9 × 9) and classification effectiveness, we tested various grid

Figure 8. Comparison result of dimensionality reduction of diagnostic plots before and after removing outliers. Plots from left to right show the results before and after
removing outliers, respectively. The x and y axes respectively represent the values of dimensionality reduction on two principal components after feature
normalization, which makes the subsequent grouping step more convenient.

Figure 9. Results before and after removing outliers from the pulsar diagnostic plots. In each sub-figure titles, “BOUT” refers to the results before outlier removal, and
“OUT” refers to the results after outlier removal. “Diag” indicates diagnostic plots, followed by the tested algorithm names.
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division strategies. Figure 10 illustrates the testing results
obtained using RF on the period-DM plots. The ratio of non-
pulsar to pulsar data in the training set was 5:1.

Linear fitting results shown in Figure 10 indicate that as the
number of grid divisions increases, the algorithm’s perfor-
mance exhibits a slow, fluctuating increase. This fluctuation is
primarily associated with the robustness of the algorithm and
the random selection of the data set. In practical applications,
we should balance the computing cost and performance. In
practical applications, the strategies for grid division may be
influenced by factors such as data set characteristics,
dimensionality reduction techniques, and the choice of
algorithms. Hence, the grid division strategy could be flexibly
adjusted based on the structure of the data set.

In the following experiments, we selected a 5 × 5 grid
division as an example, primarily to demonstrate the GGUS’s
applicability and generality. However, in actual algorithm
design, the grid division strategy should fit with the specific
application scenario.

5. Data Analysis Results

In this section, we evaluated the effectiveness of the GGUS
method by using the data sets, algorithms, and test methods
mentioned in Sections 2, 4.2.2, and 4.2.3. For comparison, a control
group is established using a “random sampling from all data”
approach to evaluate the improvement of using GGUS. As shown
by the results in Section 3.2 and comparison experiments,
sequential extraction performs worse than random sampling;
therefore, we selected global random sampling as the control group
to demonstrate the performance improvements achieved by GGUS.

5.1. Test Results of Lyon’s Features

On the one hand, tabular data like Lyon’s features are well-
suited for traditional machine learning algorithms (Zhong et al.
2016). On the other hand, the standard ResNet50 model is
designed for image data and lacks the architecture to handle
tabular data directly. Therefore, we did not test ResNet50 on
Lyon’s features. Instead, we used only RF, SVM, and CNN in
the comparative experiments.
For the RF algorithm, the average recall rate for different

ratios increased by 0.13% (left panel of Figure 11). The
GGUS’s precision and F1 scores are higher than those from
random sampling, with an average improvement of 1.6% and
1.0%, respectively. For SVM, GGUS results in an average
recall improvement of 0.5% over random sampling. Precision
and F1 scores also improve considerably, with average
increases of 3.2% and 1.9%, respectively. Certain ratios show
notable improvements. For instance, when n= 5, F1, precision,
and recall of GGUS increased by 2.9%, 4.2%, and 1.4%,
respectively. In CNN, GGUS demonstrates a slight improve-
ment in recall compared to random sampling, with an average
increase of 0.2%. Precision and F1 scores show more
significant improvements across various training set ratios,
with increases ranging from 1% to 8%, and average
improvements of 3.8% and 2.7%, respectively.

5.2. Test Results of Diagnostic Plots

Figure 12 shows the results of GGUS comparing randomly
sampled data used on the data set of diagnostic plots.
For the RF algorithm, GGUS improves the F1 score on average

by 2.3% compared to random sampling across different ratios. The
precision score increased by 4.4%, with the greatest improvement
of 5.7% at n= 8. However, the recall rate showed no obvious
improvement, with average differences less than 0.1%. In SVM,
GGUS shows slightly lower recall compared to random sampling,
with a 0.1% average decrease. However, precision and F1 scores
still show improvements of 1.2% and 0.6%, respectively. In CNN
testing, GGUS improved various performance metrics compared to
random sampling. The F1 score, precision, and recall increased on
average by 1.3%, 1.1%, and 1.4%, respectively. Testing with
ResNet50 shows that GGUS improves the algorithm performance,
with the most notable improvement in recall, averaging 2.9%. As
the ratio of imbalanced samples increases, recall performance
improves further, with a 4.6% increase at n= 10. Precision also
shows modest improvements across ratios, with an average
increase of 1.1%.

5.3. Test Results of Period-DM Plots

Overall, the results shown in Figure 13 demonstrate that
performance improvement with the period-DM plots is slightly
less pronounced than with the previous data sets but still shows
enhancements across all evaluation metrics.

Figure 10. Relationship between the number of grid divisions and algorithm
performance. The points in the figure represent the result of different grid
division strategies, while the lines indicate the linear fitting result.
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Figure 11. Performance comparison of random sampling and GGUS methods on the pulsar Lyon’s features data set. In the sub-figure titles, “ORG” denotes random
sampling, while “Lyon’s” indicates Lyon’s features, followed by the tested algorithm names. The dashed line represents the test results of random sampling, while the
bold solid line represents the test results of GGUS. Error bars in figures represent the standard deviation for each group test.

Figure 12. Performance comparison of random sampling and GGUS across algorithms on the pulsar diagnostic plots data set. In the sub-figure titles, “ORG” denotes
random sampling, while “Diag” indicates diagnostic plots, followed by the tested algorithm names. The dashed line and solid line respectively represent the test results
of random sampling and the test results of GGUS. Error bars in plots represent the standard deviation within each test group across different training ratios.
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For RF testing, recall rates improved most notably at n= 4,
5, 6, and an average increase of 0.4% across all ratios.
Precision showed the most significant increase at n= 9, with a
2.1% improvement, though there was a slight decrease in recall
from 96.2% to 95.8%. On average, GGUS-extracted data
improved both precision and F1 scores by 0.6%. For SVM,
GGUS increased precision and F1 scores across all ratios.
Average improvements include F1 by 1.1%, precision by 1.5%,
and recall by 0.31%. For CNN, on average, GGUS improved
the F1 score by 1.0%, precision by 1.4%, and recall by 0.3%,
respectively. Although ResNet50 achieved over 98% perfor-
mance on the validation set, GGUS still shows overall
performance benefits. For instance, at n= 1, GGUS improved
the average recall rate to 100% from almost 100% (99.95% to
100%), with precision increasing by 0.5%. At n= 7, GGUS
maintained a 100% recall rate with a 0.4% increase in
precision. Over all, GGUS improved the F1 scores of the
ResNet50 algorithm by 0% to 0.2%.

6. Discussion and Conclusion

This section discusses results, limitations, and future
directions, followed by a summary of our work.

6.1. Discussion

Although GGUS improved the average F1 score from about
0.1% to 2.9% in RF, SVM, CNN, and ResNet50 for pulsar
candidate identification, its performance on semi-supervised
and unsupervised algorithms remains untested and could be
examined in future work. In addition, practical applications
should dynamically adjust grid partitioning as needed. For
instance, the bar-like structures depicted in Figure 8 may use a
one-dimensional horizontal data division method. This
approach can simplify algorithm’s complexity and may still
yield performance improvements. There are numerous possi-
bilities for further exploration regarding grid partitioning
patterns, and we aspire to conduct a more detailed investigation

Figure 13. Performance comparison of random sampling and GGUS across algorithms on the pulsar period-DM plots data set. In the sub-figure titles, “ORG” denotes
random sampling, while “PD” indicates period-DM plots, followed by the tested algorithm names. The dashed line represents the random sampling test results, and the
bold solid line represents the GGUS results. The plots use error bars to show the standard deviation of performance across different training ratios for each test group.
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in the future, aiming to derive quantifiable relationships,
including relevant computational formulas.

Returning to the results obtained using the basic version of
the GGUS method, an analysis of the test results reveals that
the recall across various algorithms is generally higher than the
precision, primarily due to the larger number of non-pulsar
samples compared to pulsar samples in the test data sets.

GGUS shows notable improvements across various data sets
for the RF algorithm, particularly in the diagnostic plot data set.
For the SVM algorithm, recall and precision converge as the
pulsar to non-pulsar ratio increases. It is a probability because
of the model’s lack of weight adjustments for minority
samples. While GGUS provides modest recall improvements
for SVM, it enhances precision and maintains recall compar-
able to random sampling, resulting in an overall improvement
in the F1 score. CNN’s performance remains relatively modest,
mainly due to the algorithm’s simple architecture. However,
GGUS boosts recall, precision, and F1 scores across data sets
for the CNN algorithm. For ResNet50, GGUS improves recall
by nearly 3% on average in the diagnostic plot data set, with a
nearly 5% improvement at n= 10 as sample imbalance
increases. In the period-DM plot data set, random sampling
with ResNet50 has achieved an almost 100% F1 score;
however, GGUS still shows overall benefits, demonstrating
its generalizability and stability in different scenarios.

In the results of 11 tests presented in this paper, except for a
slight decrease in recall for one algorithm (SVM on diagnostic
plots), the average performance of other algorithms improved
from about 0.1% to 5%. Overall, GGUS achieved an
improvement in precision while maintaining or increasing
recall. This demonstrates that GGUS can help the algorithms
learn the characteristics of the data set more accurately and
comprehensively, and enhances overall classification perfor-
mance. Test groups where the average precision increased by
more than 3% include SVM and CNN on Lyon’s features data
set and RF on the diagnostic plots data set. For other
algorithms, the average precision improvement ranged between
0.1% and 2%. Overall, precision in all tests showed an average
performance increase of nearly 2%. As for recall, the initial
performance under random sampling was relatively high
compared to precision. Therefore, the improvement in recall
with GGUS was less obvious but still enhanced recall for most
algorithms by 0.1%–1%. The most significant improvement
was observed in ResNet50 on the diagnostic plots data set, with
an average increase of 2.9%. In all tests, recall improved by
approximately 0.5% on average. F1 combines recall and
precision to evaluate overall algorithm performance and
showed an average improvement of about 1.2% across all
tests with GGUS.

Additionally, most machine learning algorithms used on
images data set are data-driven, which performance is highly
reliant on data set quality. Accordingly, a general, high-quality,
standardized data set is the key of robust algorithm. However,
due to differences in telescope parameters and environment
factors, such as sampling rates, sub-band numbers, frequency
ranges, and variations in the RFI environment, pulsar surveys
produce data sets with varying characteristics. Consequently,
there is no standardized procedure for processing pulsar
candidate data sets, which limits their general applicability.
We hope to collaborate with pulsar survey teams in further
research of the current data set, aiming to design a standardized
and universally applicable data set to support pulsar candidate
selection across various projects.

6.2. Summary

In this paper, we first analyzed the data set distribution
through dimensionality reduction and visualization. From the
results, we concluded that non-pulsar data plays a significant
role in the training set extraction process. Then we created a
data preprocessing method, GGUS, to enhance the algorithm’s
generalization capability. Through comparative experiments,
the necessity of removing outliers from the non-pulsar data was
verified. We also found that increasing the number of grid
divisions can enhance the effectiveness of GGUS. GGUS can
extract well-balanced training sets for various machine learning
algorithms to learn the features of pulsar candidates. Our results
show that the GGUS method can consistently enhance the
performance of various algorithms across different data sets,
demonstrating generalizability and adaptability. Due to the
impact of imbalanced data sets, the GGUS method shows the
most significant improvement in precision, with a relatively
smaller increase in recall. Specifically, the average recall
increases by approximately 0.5%, precision by about 2%, and
the F1 score by around 1.2%. These results emphasize the role
of optimized data extraction methods in improving the
performance of different algorithms for pulsar candidate
identification.
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Appendix A
Pseudocode

Algorithm 1. GGUS Grouping

Ensure:
DeData: Dimensionality-Reduced and normalized Data, DeData ä [0 − 1]
N: Number of groups.

Require:
GridClass: Grouping of all data points
1: =Step

N

1

2: for i=0 to DeData.length do
3: GridX = DeData[i][0]/step {Extract the first dimension data}
4: GridY = DeData[i][1]/step {Extract the second dimension data}
5: GridClass[i] = (GridX, GridY)
6: end for

Algorithm 2. GGUS Data Extraction Algorithm

Ensure:
Data: Original training data
GridClass: Data groupings
n: Number of data samples to extract, n�Data. length
per: Proportion of the data set to be used for training

Require:
TrainData: Training data set uniformly extracted based on groupings
ValData: validate data set uniformly extracted based on groupings
{In the process of selecting pulsar candidate data, it is necessary to design
the extraction ratio of pulsar to non-pulsar data.}
1: NumData = data.length
2: for i=0 to GridClass.max do
3: for j=0 to GridClass.max do
4: GroupIndices = indices contain [i, j] in GridClass
5: NumSamples = GroupIndices. length
6: TrainSize = (n ∗ per) ∗ (NumSamples/n)
7: ValSize = n ∗ (1 − per) ∗ (NumSamples/n)
8: TrainIndices ← select TrainSize random samples from GroupIndices
as training indices
9: ValIndices ← select ValSize random samples from remaining
GroupIndices as validation indices
10: end for
11: end for
12: TrainData = Data[TrainIndices]
13: ValData = Data[ValIndices]

Appendix B
Dataset Parameter

Appendix C
Details of Algorithms

For the RF classifier, 100 trees were used, each with a
maximum depth of 5. To address the imbalance in the data set,
class weights for pulsar and non-pulsar samples were
calculated during classification to enable the model to handle
the data set’s imbalance effectively.
The SVM classifier employed a simple linear kernel function

for classification, with a penalty parameter set to 1.0 and a
polynomial kernel function of degree.
We employed a simple CNN structure, consisting of two

convolutional layers with ReLU activation, followed by two
pooling layers and two Dropout layers. A Sigmoid function
is applied after the fully connected layer. The model is
compiled using the RMSprop optimizer and binary cross-
entropy loss function. Specific model parameters are
provided in Table C1.

Table B1
Number of Samples for Algorithm Testing

Assumed Ratio of Number of P versus NP Number of P versus NP

Pa to NPb Samples in the Training Set in the Testing Set
1:1 957:957 239: 4782
1:2 956:1914 239: 4782
1:3 956:2869 239: 4782
1:4 956:3826 239: 4782
1:5 956:4783 239: 4782
1:6 956:5742 239: 4782
1:7 956:6698 239: 4782
1:8 956:7854 239: 4782
1:9 956:8611 239: 4782
1:10 956:9568 239: 4782

Notes.
a P: Pulsar.
b NP: Non-pulsar.
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High-performance algorithms like ResNet50 are easy to
overfit with small data input sizes. To reduce this effect in
the ResNet50 structure, we use a Flatten layer to reshape the
data and a Dropout layer (Dropout= 0.5). Next, a Dense
layer with a Sigmoid activation function was used for
classification. The model was compiled with the Adam
optimizer (Learning Rate= 1e-4) and binary cross-entropy
loss. The batch size was 32. To further reduce overfitting, the
number of training epochs was limited to 3 (simply for
comparative testing).
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