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» Current backbone networks of object detection are mainly classification networks, which prevents the further improvement of the detector performance.

» Since the objects are distributed in different sizes and ratios, it is important for backbone networks to form dense receptive field for extracting discriminative
features.

» Motivated by Receptive Filed Block (RFB) and Dense ASPP, we propose a more effective architecture named Dense Receptive Field Block (Dense RFB).

» With some modifications and proposed architecture, we present Dense Receptive Field Network (DRFNet) based on Darknet-53.

> DRFNet is a backbone network suitable for multi-scale detectors like ScratchDet and SSD.
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 The RF unit is the basic component to generate effective receptive field. * The comparison between RFB and DenseRFB.
* The rearrangement of RF units from parallel to dense connection helps  With smaller kernel size and dilated rate, DenseRFB forms a dense receptive field

Dense Receptive Field Block to form denser ERF for better performance. pyramid, it helps to capture more discriminative features.

» We present an effective and efficient backbone

» Trained From Scratch on Pascal VOC » Trained From Scratch on MS COCO

network called DRFNet for object detection.
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