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Fig. 1 Schematic diagrams of optical telescope (a)
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Fig. 2 Hyperspectral images of a space object

at different wavelengths
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Fig. 3 The brightness of space object varying with wavelength
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Fig. 4 The basic architecture diagram of DBSCAN
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Table 1 Rough classification results based on DBSCAN

A K K B2/
One 52 76.109 2
Two 9 75.880 9
Three 32 70.901 4
Four 42 75.910 1
Five 11 66. 666 7
Six 37 -
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Table 2 Rough classification results based on K-means

FeAl K Ki B/ %
One 57 75.503 7
Two 10 75.900 9
Three 37 70.001 5
Four 45 74.999 9
Five 14 66.798 1
Six 17 —
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Fig. 5(a) The basic flow chart of generative

adversarial network
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Fig. 6 The basic flow chart of one dimensional CNN
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Fig. 7 The basic flow chart of experimental algorithm
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Table 3 Classification accuracies (%) of six categories

by using multiple methods combination

Fom Jrik
DBGANCNN KMGANCNN DBOSCNN KMOSCNN

One 81.276 1 79.910 4 80.673 9 79.102 3
Two 80. 890 1 80.125 6 80.110 1 79.912 2
Three 75.692 4 75.001 9 75.515 2 74.999 9
Four 80.902 9 80.511 1 80.190 7 80.111 3
Five 70.834 2 67.335 3 69. 244 0 65.338 2
Six 85.000 1 84.600 9 84. 859 3 83.981 5
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Fig. 8 Comparisons of average operation time

and accuracy among various methods
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A Combination of Multiple Deep Learning Methods Applied to
Small-Sample Space Objects Classification
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Abstract With the continuous improvement of the sensitivity, accuracy and easy use of spectral detection instruments in recent
years, spectral technology has penetrated the identification and analysis of material components in all walks of life. Spectral
observation of space targets is one of the important extensions of traditional optical observations. It has attracted much attention
due to its non-contact and damage-free advantages. However, due to the limited observation conditions, the amount of spectral
data of space targets is minimal. Traditional methods cannot achieve better results in classification analysis. In this paper,
Firstly, the hyperspectral image of the space target is obtained through the spectroscopic camera terminal mounted on the 1. 2 m
space target optical telescope; Secondly, the one-dimensional spectral data of the space target is extracted through the
astronomical photometric IRAF method; Finally. the combination of multiple deep learning methods, classify the spectral data of
space targets. Accordingly, this paper proposes a combination of multiple deep learning methods to solve small sample data’s
spatial object classification problem. This method uses Density Clustering method to roughly classify spatial targets, one-
dimensional Generative Adversarial Network method to generate spatial target data, one-dimensional Convolutional Neural
Network method to finely classify spatial targets, the combination of three methods can achieve relatively good experimental
results and overall accuracy is about 79.1% (Based on the combination of Density Clustering, Oversampling, one-dimensional
Convolutional Neural Network methods; Based on the combination of K-means, one-dimensional Generative Adversarial
Network, one-dimensional Convolutional Neural Network methods; Based on the combination of K-means, Oversampling, One-
dimensional Convolutional Neural Network methods, the overall accuracy is about 78.4%, 77.9%, 77.2%). In the rough
classification model, the overall accuracy of the Density Clustering method is about 0. 67 % higher than the K-means method; In
the data augmentation model, the overall accuracy of the one-dimensional Generative Adversarial Network method is about
1. 52% higher than the Oversampling method; In the fine classification model, the two-layer network of the one-dimensional
Convolutional Neural Network method has an average accuracy of only about 0. 003% higher than the three-layer network, but
the calculation time is longer. The accuracy of the four combined methods are higher than the single method. The experimental
results show that the combination method proposed in this paper can achieve fine classification and high accuracy when the small

sample space target category is unknown. It provides a certain reference value for realizing the integrated analysis of the map
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under the minimal data volume of the space target.

Keywords Space targets; Spectral data; Density based spatial clustering of applications with noise; Generative adversarial

networks; Convolutional neural networks
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