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Fig. 1 The structure of BERT-CNN
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F1(a) KEEEXLEHIESE
Table 1(a) The dataset of K stars
Stella’;‘f:ebclass K1 K3 K5 K7
SNRs (60, 65) (60, 65) (60, 65) (60, 65)
Number 1115 959 850 317
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% 1(b) FEEEXITHIESE
Table 1(b) The dataset of F stars
Stellar Subclass Type F2 F5 F9
SNRs (50, 65) (65, 70) (75, 80)
Number 1915 1671 1535
F1(c) GREEXELEHIESE
Table 1(¢) The dataset of G stars
Stellar Subclass Type GO G2 G5
SNRs (55, 65) (60, 65) (40, 70)
Number 949 992 600
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Figure 2 The parameters of CNN and BERT-CNN
S8 CNN BERT-CNN
batch_size 128 32
learning_rate 1X1073 1X10°°
hidden_units 128 256
dropout 0.5 0.5
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% 3(a) BERT-CNNHEEKEREEHBELWIBER
Table 3(a) The experimental results of BERT-CNN
on the K-type dataset
Trainin, Test
Size ¢ Size P R Fl
30%(972) 70% (2 269) 0. 881 4 0.870 5 0.875 9
40% (1 296) 60% (1 945) 0.906 4 0.897 8 0.902 1
50%(1621)  50%(16200  0.9351 0.9271  0.9311
60% (1 945)  40%(1296)  0.9436  0.9527  0.948 1
70% (2 269) 30%(972) 0. 969 6 0.980 9 0.975 2

% 3(b) BERT-CNN A A FREEHFEELNLRER
Table 3(b) The experimental results of BERT-CNN
on the F-type dataset
Training Test .
Size Size P R k1

70%(3585)  0.8471  0.8665  0.856
60%(3073)  0.8756  0.8900  0.882
50%(2560)  0.9101  0.9279  0.918
40%(2 048)  0.9470  0.926 6  0.936
30%(1536)  0.9565  0.9708  0.965

30% (1 536)
40% (2 048)
50% (2 561)
60% (3 073)
70% (3 585)
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#3(c) BERI-CNN MBI ZEGCEEEHEEIHNIBER
Table 3(¢) The experimental results of BERT-CNN
on the G-type dataset

Trainin Test .
Size ¢ Size P R F1
30%(762) 70%(1779)  0.8422  0.8731 0.857 3
40%(1016)  60%(1525)  0.8925 0.9055  0.899 0
50% (1 271>  50%(1270)  0.9161  0.9333  0.924 6
60%(1525)  40%(1016)  0.9378  0.9456  0.9417
70% (1 779) 30%(762) 0.9620 0.9659  0.9639
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Table 4 Comparison of experimental results

S;‘;l}lir “gil:e‘“g IS:J SVM  CNN  BERT-CNN
K 70%(2 269)  30%(972)  0.8498 0.8807  0.9311
F 70%(3 585)  30%(1536) 0.8314 0.8893  0.9108
G 70% (1 779) 30%(762)  0.8714 0.9042  0.9239

Average classification accuracy 0.850 9 0.8914 0.9219
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Research on the Improvement of Spectra Classification Performance With
the High-Performance Hybrid Deep Learning Network

LIU Zhong-bao', WANG Jie*”
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Abstract With the development of observation apparatus, the spectra number rises constantly, How to further improve the
classification performance deserves to be research. Because of this, the stellar spectra are taken as the research object, the high-
performance hybrid deep learning network is proposed based on integrating the advantages of the BERT model in feature
extraction and the CNN model in automatic classification, to verify the effectiveness of improving the spectra classification
performance. Firstly, the stellar spectra are input into the the BERT model; And then the part in BERT model named
Transformers are used to extract the features and based on which, the feature vectors are formed; Finally, the above feature
vectors are input into the CNN model, and the stellar spectra classification results can be obtained with the help of softmax
classifier. Python3.7 writes the models used in the experiment and the deep learning framework named TensorFlow is
introduced. The K-, F-, G-type stellar spectra in SDSS DR10 are used for the experimental dataset, normalized by the min-max
normalization method. The effectiveness of the BERT-CNN model is verified by comparing with the support vector machine
models (SVM) and CNN. The performances of the above models are related to the parameters. and therefore, the ten cross-
validation and the grid search method are used to obtain the optimal experimental parameters. There are two parts to the
experiment. One is to evaluate the classification performances of BERT-CNN with precision P, recall R and F1 values. The
proportion from 30% to 70% of the experimental dataset is respectively used for the training dataset, and the remainder is used
for the test dataset. P, R and F1 values rise with the training size on the K-, F-, G-type stellar datasets. In the case of the same
training size, the values of P, R and F1 arrive at the highest, followed by the performance on the G-type stellar dataset, the
classification results on the F-type stellar dataset are much poorer. The other experiment is to evaluate the classification

performances of SVM, CNN and BERT-CNN with accuracy. The classification performances of BERT-CNN on the K-, F-, G-
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type stellar datasets are all best, followed by CNN. The classification accuracies of SVM are much lower than the other two

models. It indicates that the BERT-CNN model contributes to improving the spectra classification performance.

Keywords Spectra classification; Deep learning network; BERT model; CNN model
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