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Abstract

In response to the challenges of weak small target features, complex backgrounds, low computational efficiency of traditional models,
and insufficient global modeling ability in crop pest and disease detection in unmanned aerial vehicle remote sensing images, an
improved multi-scale visual state space U-Net model (MVMamba UNet) is proposed. This method introduces a multi-scale state
space module (MSSM) to model the long-range spatial dependencies of pests and diseases with linear computational complexity, and
integrates a channel space attention mechanism (CSA) to adaptively focus on salient regions and suppress background interference.
At the same time, it combines an optimized U-shaped encoding and decoding architecture to achieve efficient fusion of multi-scale
features. The experiments on the self built unmanned aerial vehicle remote sensing pest and disease dataset show that the accuracy,
recall, and F1 score of the proposed model reach 0.942, 0.937, and 0.939, respectively, and the comprehensive performance and
training efficiency are better than the comparison model. The research provides an effective solution for precise and real-time
intelligent detection of crop diseases and pests in complex field environments, which has practical application value for promoting
the development of smart agriculture.
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