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Abstract

Recent increases in pest populations have heightened the importance of effective pest monitoring technologies to
mitigate crop damage. In this study, we propose a density map-based pest counting model to accurately estimate the
number of pests captured in images from digital trap environments. Specifically, we introduce a semantic alignment
learning method between density maps and vector prompts to effectively capture the correlation between these
features. In addition, a feature-adaptive prompt selection module and a feature enhancement module are applied to
adaptively integrate pre-trained vector prompts with input pest image features, thereby improving the accuracy of
density map estimation. Experimental results demonstrate that the proposed model outperforms conventional object
detection-based methods and crowd counting models in terms of mean absolute error. These findings indicate that the
proposed prompt-based feature enhancement approach is effective for improving counting accuracy in densely
populated pest environments.
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