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pipeline for comprehensive 3D perception. Our design includes a
decoder to integrate BEV-PV features into unified detection
queries, as well as a feature enhancement strategy that enriches

different feature representations. In addition, DuoSpaceNet can be -; """"""
extended to handle multiframe inputs, enabling more robust
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Figure 4. Qualitative comparison of top-down 3D detection results among our method,
PV-only, and BEV-only models. Ground truth bounding boxes are in green and
predictions are in blue. Our prediction aligns most accurately with the ground truth.
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