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Fig.1  (a) Crop images of galaxies at different sizes; (b) galaxies, stars, quasars
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Table 1 Galaxy, star, quasar image sample data statistics

Training set Verification set Test set Total data
Galaxy 9234 1154 1155 11543
Star 9573 1197 1197 11967
Qso 8392 1049 1049 10490
Total data 27199 3400 3401 34000

1.5 HHETALE

BEEIE0 5 KEEHE0D  REREI100%100
2 B AL B 1L
Fig.2 The process of data preprocessing
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Fig.3 SE attention mechanism module
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Fig.4 Structure diagram of Xception improvement algorithm
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Table 2  Comparison results of different clipping sizes on algorithm performance

Cutting size/% Vferification accuracy Test accuracy
4040 87.85% 87.15%
60>60 86.46% 86.29%
80>80 85.46% 85.29%
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Table 3 Comparative results between different models

Network Accurary Precision Recall F1-score
AlexNet 87.68% 87.77% 87.55% 86.95%
GoogLeNet-V1 88.77% 88.64% 88.60% 88.59%
VGG 88.18% 88.11% 88.02% 88.05%
MoblieNet 87.30% 87.18% 87.26% 87.15%
ConvNet 83.27% 83.10% 83.18% 83.13%
ShuffleNet 88.65% 88.72% 88.79% 87.52%

DenseNet 88.56% 88.44% 88.50% 88.40%
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Table 4 Comparison results of GoogLeNet series model

Network Accurary Precision Recall F1-score
GoogLeNet-V1 88.77% 88.64% 88.60% 88.59%
GoogLeNet-V2 88.36% 88.21% 88.32% 88.22%
GoogLeNet-V3 88.94% 88.90% 88.97% 88.87%
GoogLeNet-V4 89.12% 88.95% 89.00% 88.94%

Inception-ResNet-V1 88.68% 88.58% 88.69% 88.56%
Inception-ResNet-V2 89.52% 89.81% 89.53% 89.48%
Xception 89.59% 89.56% 89.59% 89.57%

SHTER 4 S SE R, GoogleNet RANF LML RAHZEAK, (A Xception HyEAHEL T
HoAh 7y m 2, 2R AT 2 R HY, Xeeption SLVEIMERI R i . T Fak Sz 45 o)
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Table 5 Comparison results after adding SE

Network Accurary Precision Recall F1-score
GoogLeNet-V4 89.12% 88.95% 89.00% 88.94%
GoogLeNet-V4-SE 87.92% 87.88% 87.93% 87.75%
Inception-ResNet-V2 89.52% 89.81% 89.53% 89.48%
Inception-ResNet-\V2-SE 88.80% 88.71% 88.77% 88.72%
Xception 89.59% 89.56% 89.59% 89.57%
Xception-SE 90.01% 89.98% 89.86% 89.65%
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Table 6 The Xception algorithm introduces the ELU activation function comparison results

Network Accurary Precision Recall Fl-score
Xception-SE (ELU) 90.26% 90.01% 89.86% 89.85%
Xception-SE (ReLU) 90.01% 89.98% 89.86% 89.65%
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Fig.5 (a) ROC curve for 3 categories on Xception-AS algorithm ; (b) Confusion matrix for 3 categories on Xception-AS algorithm
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Xception-AS: An automatic object classification algorithm

based on the structure of Xception model

Li Xin, Tu Liangping*, Li Juan , Gao Xiang , Feng Xueqi , Zhong Zhengdi
( University of Science and Technology Liaoning, Liaoning, 114000 )

Abstract: In this paper, an algorithm based on Xception is proposed, which can be used to
solve the problem of automatic classification of galaxies, stars and quasars. Based on Xception,
the algorithm is improved by selecting the optimal activation function and adding attention
mechanism. In this paper, 11,543 galaxies, 10,490 quasars and 11,967 stars in SDSS-DR16
photometric image data were randomly selected as experimental data from 34,000 observation
sources in g, r and i bands, and multiple experiments were designed to verify and test the
algorithm. A comprehensive analysis of all experimental results shows that the algorithm in this
paper achieves 90.26%, 90.01%, 89.86% and 89.85% respectively in the key indicators such as
accuracy rate, accuracy rate, recall rate and F1 score. Compared with other 12 classical and
popular convolutional neural network algorithms on the same data set, the proposed Xception-AS
algorithm has better classification performance, which proves that the proposed algorithm has
advantages in solving the problem of automatic classification of celestial objects.

Key words: Classification of astronomical images; Machine learning; Xception;
Convolutional neural network
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