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Multispectral Object Detection based on Cross—Attention Fusion
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Abstract

In this paper, we would like to introduce a multispectral object detection model based on RGB/IR images for
night vision. The fusion method of the existing multispectral object detection model simply stacks RGB and IR
features through a connection layer. However, this fusion method is not designed to complement the characteristics of
RGB and IR images. Therefore, in this study, we would like to propose a new cross-attention fusion module that can
strengthen the distinguishing power of features by mutually exchanging RGB/IR feature information. Through
experimental results, the proposed multispectral object detection model is able to achieve better performance in AP
quantitative evaluation than the existing single object detection model and multispectral object detection model.
Additionally, through ablation experiments, it is confirmed that the proposed cross-attention fusion module can
improve AP performance to 0.02.
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Table 1. Quantitative evaluation
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