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Abstract

In this paper, we would like to introduce MaDa-CenterNet(v2) based on local attention for pest counting. The
existing MaDa-CenterNet applies attention fusion without separating object and background regions, thereby weakening
feature discrimination. In order to compensate for these shortcomings, this study proposes an object and background
masking module to separate the object and background areas, and based on this, a multi-scale local attention fusion
module to enhance feature discrimination of the object area. In particular, the object and background masking module
generates a mask map using the heatmap estimated from the low-resolution hourglass, and the multiscale local
attention fusion module models multiscale local attention according to the object and background regions based on
the generated mask. Through experimental results, it was proven that the proposed pest counting model was able to
improve the performance of the existing MaDa-CenterNet and that the proposed local attention fusion model was
effective in improving performance.
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