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Remote Sensing Image Change Detection Based on BIT Network

PENG Haifeng, FU Yinghua

(School of Optical-Electrical and Computer Engineering , University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Change detection is the process of obtaining surface changes by analyzing remote sensing images from two different stages at the

same location. Convolutional neural networks are difficult to solve change detection tasks in complex scenes. The BIT network concatenates the

Transformer after convolution to improve detection performance by capturing global information. However, directly concatenating Transformers

will weaken the ability to represent local information features, leading to missed detections. Therefore, based on the BIT network, a residual

network is used to fuse the local and global information before and after the Transformer, in order to compensate for the loss of local informa-

tion caused by directly concatenating Transformers and achieve the goal of improving accuracy. At the same time, a new loss function Dice is

added to optimize training for the imbalance between changing and unchanged classes in remote sensing images. The experimental results
showed that on the publicly available datasets LEVIR-CD and BCDD, the improved network improved the F1 index by 0.51% and 0.69%, re-
spectively, with a parameter increase of 0.02M; The recall rates have increased by 0.45% and 0.50% respectively.
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