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Fig.1 Schematic diagram of simulated FRBs generation process
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Fig.2 Examples of simulated FRBs and negative samples from real observation data. (a) The examples of simulated FRBs on

observations, (b) RFI samples (negative samples), (c¢) the examples of simulated FRBs on Gaussian noise.
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Fig.2 Continued
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Fig.3 The processing flow chart of FRB candidates
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B THZ eSS Mmoo, KES T
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Fig.4 The schematic diagram of our two-input deep

convolutional neural network model
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Table 1 Training parameter configuration of network model

Parameter type ResNet18 LeNet Merge

Optimizer SGD Adam Adam
Learning rate 0.01 / /

Loss function Binary cross entropy  Binary cross entropy  Binary cross entropy

Batch size 32 48 48
Number of epochs 15 20 10
BN momentum 0.9 / /

Accuracy 99.0% 99.3% 99.8%

AN AP 2 FE T 1INCPUR R K2R 7. 1S UERI R ~99.7%, A 8 ~N99.8%,
[, HAIS ZNVIDIA GTX 1080. 3 T ResNet 18 FETI 3 0N99.6%. 1 [R] 3 FIURE Tf R I35 3] T B i,
2R AR FR)VH T BB S T O I ZRAE I 2925 min, FE FUE#)240.997.
V& = Firl s B [ 2 N & DA
FLeNet /X 25 155 7Y fty DM- ] 7] 58 B 50805 )1 2 FEIE 2 L

JUTHRP. ASCRA B 5N & I M 2 58 £E30 min Table 2 Confusion matrix for test set with

Z W BT BLSE BN GRid AR . IIEREF 1) 43 96 25 56 iR simulated FRBs

ANFEAKT I PR I ) 29 294 ms, IBAT @ EAEH IR, 1X Predicted

I 8 SR F, R B R T R B F AR results  Positive Negative Total
A S H F20194E6 A28 9 0 I % B, o7 True class

12,0875 SR, Hor IR A R G RE A (1 EE 4l FRB 2016 8 2024

1. YIHESNREM L f)&S8:2. W EMN T, RFI 4 2132 2136

M zg R AR 22 6 IR LA AN ZR 2 5, B RED
i r e, IR ZEMBIEIR ZMAEBI 4.3 BEESHERI R

S, W IR ZE AR /. I B ER T R O AL i 11 FH I FRBUIZRAEAS (07 AR A, ATk
Zrid 12 b AR AR 1 (ace) A5 2K bR B AL 1 BT RS0 G 126 mbT I8 T-201941 H
i (loss). 24 H WL Bk 2 PSR J0332-+5434 19 B ik 341

75 B AF BAE B E V0.9 MG SR BRI FERE 30077, % 0 48 A B 3t AT P Bl 56 k. 167 32 B
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Fig.5 Accuracy (left) and loss (right) change curves with epoch of training process
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Table 3 Confusion matrix for validation set with

pulses from pulsar

Predicted
results  Positive Negative Total
True class
Single pulse 299 26 325
RFI 1 204 205
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Asstract Manually identifying fast radio burst (FRB) events from the massive candidates by a human
is a laborious and time-consuming task. It’s an unsustainable working mode for the constantly growing
volume of observation data. In this paper, we present a method of FRB candidates classification based
on convolutional neural networks (CNN). First, we build training and test sets with real observation data
and simulated FRBs. Second, a two-input deep convolutional neural network model is constructed, trained
and optimized, and the FRB candidate classifier is obtained. Then, the effectiveness and performance of
the classifier are tested and verified by using single pulses from pulsar. Experiment results show that this
method can quickly and accurately identify single pulse events from candidates, which greatly improves
the processing speed and efficiency of FRB candidates.

Key words radio continuum: transients, methods: data analysis, methods: classification
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