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Data Augmentation Method Based on Saliency Map for Aircraft Identification and
Detection Technology

Chen Pengpeng', Xing Chenguang’, Liu Bo', Wang Ruo' Wang Sibo?, Sun Shufan’, Chen Yuanze'
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Abstract: With the development of artificial intelligence application in aviation domain, artificial intelligence technology
also plays an important role in classification and detection tasks. This paper focuses on the data augmentation
methods in the field of computer vision, which proposes a data augmentation algorithm based on improved saliency
map and conducts classification and detection experiments on different kinds of aircraft data sets. Experiments show
that the data augmentation algorithm based on the improved saliency map has better performance in the aircraft
identification and detection tasks.
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augmentation
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