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ABSTRACT: To overcome limited feature information in most existing aircraft visual navigation
datasets, a multi—source, multi-view, and multi—scene aircraft cognitive navigation dataset was
constructed to support accurate aircraft geolocation. First, navigation adaptation zones were se—
lected from satellite images of cognitive navigation regions using a deep feature matching algo—
rithm. Distinctive and stable navigation landmarks, along with their semantic information, were
then extracted using the segment anything model (SAM) semantic segmentation algorithm. Sub-
sequently, sufficient aircraft-view images of the navigation landmarks were collected using real
drone aerial photography and 3D simulation models provided by Google Earth. Finally, the Su-

perPoint feature point extraction algorithm was applied to automatically annotate the images. A
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multi-level structure of cognitive navigation datasets based on the WordNet system was de-

signed, producing an aircraft cognitive navigation dataset annotated with geolocation information

and deep semantic features. The evaluation and analysis demonstrate that the constructed dataset

covers a wide range of scenarios, provides rich feature information, and incorporates diverse im-

age sources, offering high—quality data samples for the training and validation of aircraft cognitive

navigation algorithms.

KEYWORDS: visual cognitive navigation; aircraft matching localization; dataset preparation;

navigation landmark; automatic annotation
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