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Aerospace information acquisition and image generation

based on supervised contrastive learning
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Abstract: In order to improve the efficiency of obtaining open source aerospace information, and solve the
problems of long open source aerospace information content, relatively limited quantity, poor robustness
of commonly used text classification models, and unintuitive text information, this paper proposes a
method for aerospace information text classification based on supervised contrastive learning. The method
is based on the bidirectional long short-term memory (BiLSTM) network with the attention mechanism,
integrates comparative learning technology, processes and analyzes open source information, efficiently
screenes out aerospace information, and uses the unCLIP (un-Contrastive l.anguage-Image Pre-Training)
model to generate an image corresponding to the information. The experimental results show that compared
with commonly used text classification methods such as CNN ( Convolutional Neural Networks) , BILSTM,

Transformer and BiLSTM-Attention, this method performes well in accuracy, recall and F1-Score, among
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them, F1-Score reaches 0. 97. At the same time, information is presented in the form of images to make

information clearer and more intuitive. It can make full use of open data resources on the network, effectively

extract open-source space information and generate corresponding images, which is of great value to the

analysis and research of aerospace information.
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Fig. 3 Flowchart of open source aerospace information acquisition and image generation framework
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Fig.5 Loss (a) and accuracy (b) changes during training
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Tab.2 Classification effect of aerospace category text

T Precision  Recall  Fl-score
CNN 0. 89 0.94 0.91
BiLSTM 0.72 0.80 0.76
Transformer 0. 86 0. 88 0. 87
BiLSTM-Attention 0.94 0.98 0.96

BiLSTM-Attention+
0.97 0.98 0.97
R-Drop
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Tab.3 Overall classification performance of each model

FEE Y Precision Recall F1-score T R /s
CNN 0.88 0.90 0.88 11.96
CNN-+R-Drop 0.89 0.90 0.88 11. 20
BILSTM 0.77 0.79 0.78 35.78
BILSTM+R-Drop 0.79 0. 80 0. 80 37.52
Transformer 0.86 0. 86 0.84 137.93
Transformer+ R-Drop 0.87 0.88 0.87 138.78
BiLSTM-Attention 0.92 0.92 0.92 42.63
BiLSTM-Attention+ R-Drop 0.93 0.93 0.93 41.16
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