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Structural diagram of the SAM-based time-sensitive object semantic segmentation model
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Construction of an Aircraft Multimodal Time-Sensitive
Object-Detection Dataset

SHEN Tong', WANG Siyu’, YANG Xiaogang', LU Ruitao'
(1. Rocket Force University of Engineering, Xi’ an 710025, China;
2. School of Electrical and Control Engineering, Xuzhou University of Technology, Xuzhou 221018, China)

ABSTRACT: To address the problems of existing multimodal object detection datasets, such as single tar—
get category, insufficient scene coverage, and image perspective mismatch with aircrafts, a multimodal
time-sensitive object—detection dataset specifically designed for aircraft applications was constructed. This
dataset aimed to provide data support for the training and evaluation of target detection algorithms. First,
diverse time—sensitive target images were acquired by integrating real-scene shooting and remote sensing
image platform generation. Second, spatial alighment among multimodal images was achieved using the
SuperPoint and SuperGlue algorithms to ensure the positional consistency of targets across modalities. Fur-
thermore, image synthesis and style transfer techniques were employed for data augmentation to balance
the inter-modal distribution and expand the dataset scale. Finally, automatic annotation of time—sensitive
targets was accomplished through a semantic segmentation algorithm. The experimental results demon-
strate that compared with other multimodal target monitoring datasets, the constructed dataset is substan—
tial in volume, diverse in target categories, and extensive in scene coverage.

KEYWORDS: multimodal object detection; dataset construction; image registration; data augmenta-

tion; image annotation
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