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Fig.1 Overall framework of ensemble feature selection
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Table 1 Parameter features and statistical features

No. Features Meaning
1 DM Dispersion measure, the integrated column density of free electrons between an ob-
server and a pulsar in unit of pc - cm™3.
5 S/N The ratio of signal to noise, that is, the ratio of the voltage value of the signal received
by the radio telescope to the noise voltage recorded at the same time.
5 Duration The window width of the boxcar function used for peak detection of time series
signals, that is, the time range of the window.
4 DM_Extent  The DM value extent corresponding to all signal events in a dispersed pulse group.
5 Timelndex The index designed according to the generation time of the pulse signal.
6 Time_Extent The value extent of time corresponding to all signal events in a dispersed pulse group.
7 N_Events Number of signal events contained in a dispersed pulse group
Average value of DM for all signal events within the same dispersed pulse group,
8 aDM calculated by aDM = %, where DM, is the dispersion measure corresponding
to the signal event (e).
Weighted average value of DM for all signal events within the same dispersed pulse
9 wDM _ ¥.(DM_S/N.)
group, calculated by wDM = RRED S Y
10 aTime Average time of all signals forming a dispersed pulse group.

11 KurtSigma

12 Time

3. (DM.-DM) W,
o1(S/Ne)e S/Ne
3, where W, is duration, and S/N. is S/N corresponding to the signal event (e)

Excess kurtosis of S/N distribution curve, calculated by ks/n =

respectively. o is the standard deviation of the S/N of all events in a dispersed pulse

group; DM is the mean value of DM.

Signal reception time of the strongest event in a dispersed pulse group.
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Fig.2 Structure of RSDFNet. In the figure, X stands for input feature matrix with size of 6 X224 x 244, conv represents

convolution operation, c represents channel, s represents step size, and p represents pooling window. For example, c64s2p3

represents performing pooling with step size 2 on 64 channels data, and pooling window is 3 x 3. Maxpool represents maximum

pooling, GAP represents global average pooling, and dashed lines represent different number of channels during residual

operation. Down sampling is required to ensure a consistent number of channels.
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Algorithm: Ensemble feature selection method

Input: Ordered feature set list S;; Number of single feature selectors n; Number of features m

Output: Selected feature set C' using ensemble feature selection method

1: Initialize temporary collection B and results feature collection C

2: fori =1 to n:

3: for j =1 to m:

4: B + [B;s;j]

5: end for

6: Remove duplicate features in B

T for k = 1 to size (B):

8: Get out the k™" feature by

9: if by, is not in C:

10: Compute classification performance of subsets {ci,...,¢;_1,bx}
11: end for

12: Record the best performance feature b; based on combination of by and C

13: C + [C;b]
14: end for
15: return C
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Table 2 Classification results for different

Convolutional Neural Networks

Model Accuracy Precision Recall Fl-score

VGG16 0.937 0.955 0.872 0.903
MobileNet 0.940 0.900 0.922 0.911
GoogleNet 0.957 0.963 0.915 0.938
ResNet50 0.961 0.959 0.929 0.943
ResNet34 0.959 0.911 0.965 0.937
ResNet18 0.962 0.957 0.934 0.945
ResDFNet 0.966 0.932 0.966 0.949
RSDFNet 0.968 0.945 0.960 0.953

MATR BLE Y, A SR AT A RSDF Net 45 71,

97

FUEIE S| T795.3%, {EIX LA b ) B ph M G R B
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Fig.3 Variations of model performance with the number of abstract features
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Table 3 Feature importance ranking for different feature selection methods

Selection methods

Feature ranking based on importance from large to small

f15, 2, f1, f14, f13, {7, f12, Duration, f11, {8, f9, f6, aDM, DM, S/N, Timelndex,
Time_Extent, Time, aTime, DM_Extent, KurtSigma, N_Events, wDM

Chi-square test

N_Events, wDM, S/N, aTime, Time, Time_Extent, Timelndex, DM_Extent, Kurt-
Sigma, aDM, Duration, DM, {8, f12, f11, f14, {9, f2, {13, {15, {6, f1, {7

Mutual Information

Recursive feature

elimination

f9, f6, f14, £2, f15, f12, f8, DM, f1, Duration, f11, S/N, aDM, wDM, DM _Extent,
Time_Extent, N_Events, KurtSigma, {7, aTime, {13, Timelndex, Time

Random forest

f15, 19, f6, £2, 18, f13, {7, f1, 11, f14, f12, Duration, DM, aDM, Time_Extent, S/N,

wDM, KurtSigma, DM_Extent, N_Events, Time, aTime, Timelndex

f9, f15, f11, f6, f14, £2, f12, £f8, Duration, DM, f1, S/N, wDM, DM _Extent, aDM,
Time_Extent, KurtSigma, {7, N_Events, f13, Time, Timelndex, aTime

XGBoost

Ensemble feature

selection

f9, wDM, S/N, aTime, f8, f11, Timelndex, Time, f6, DM_Extent, Time_Extent, f1,
15, £2, 13, f12, {14, {7, N_Events, Duration, KurtSigma, aDM, DM
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Table 4 Super parameters and their value ranges for search of Light GBM

Parameters Value ranges  Parameter meaning
max_depth [3,10] The max depth for tree model
num_leaves [7,1023] Max number of leaves in one tree
min_data_in_leaf  [0.0005,0.05] Minimal number of data in one leaf
learning_rate [20, 60] Shrinkage rate
bagging_fraction [0.5,1.0] Randomly select part of data without resampling
feature_fraction [0.5,1.0] Randomly select a subset of features on each iteration
reg_alpha [0,200] Also named as Lambda_11 which is a floating-point num-
ber that represents the L1 regularization coefficient.
reg-lambda [0, 200] Also named as Lambda_12 which is a floating-point num-

ber that represents the L1 regularization coefficient.
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Table 5 Performance improvement of abstract features on different models (UDF stands for User
defined features)

Accuracy F1l-score
Model
UDF UDF + abstract features Changes UDF  UDF+abstract features Changes
SVM 0.954 0.95 —0.42%  0.901 0.928 3.00%
KNN 0.848 0.937 10.50%  0.784 0.902 15.05%
AdaBoost  0.966 0.969 0.31% 0.95 0.954 0.42%
LightGBM  0.975 0.982 0.72% 0.963 0.974 1.14%
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Ensemble Feature Selection Method for Single Pulse
Classification

ZHANG Jin-qu!  LING Yu! DU Ping? LI Xiang-ru! LI Hui!

(1 School of Computer Science, South China Normal University, Guangzhou 510631)
(2 School of Building Information, Guangdong Construction Vocational Technology Institute, Qingyuan 511500)

Asstract Affected by a large number of radio frequency interference signals, it has become an important
task for astronomical data processing to quickly and accurately identify single pulse signals from massive
observation data. Designing and extracting effective data features is the key issue for efficient identification
of single pulse signals using machine learning. This paper proposes an ensemble feature selection method for
single pulse signal classification. The method first mixed three types of features, including the parametric
features, statistical features and abstract features of single pulse signals, and then used five independent
feature selection methods to select the corresponding optimal feature set, respectively. At last, the features
selected by the five independent methods are mixed and the greedy strategy was used to select the optimal
ensemble feature set. The experimental results show that the ensemble feature set can improve F1-score by
value of 1.8% at most and can obtain higher accuracy than the features selected by independent methods.
Under the background of high-speed and large-scale sky survey, the ensemble feature selection method
plays an important role in reducing the number of features, improving classification performance and
speeding up data processing.

Key words pulse signal, radio pulsar, action variable, methods: data analysis
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