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&4 J51%: Histograms of oriented gradients (HOG)
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Region Proposals: Selective Search

Alexe et al, “Measuring the objectness of image windows”, TPAMI 2012

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013

Cheng et al, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR 2014  Zitnick
and Dollar, “Edge boxes: Locating object proposals from edges”, ECCV 2014



R-CNN: Region proposals + CNN features

Source: R. Girshick
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R. Girshick, J. Donahue, T. Darrell, and J. Malik, Rich Feature Hierarchies for Accurate Object Detection and Semantic
Segmentation, CVPR 2014.
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R. Girshick, J. Donahue, T. Darrell, and J. Malik, Rich Feature Hierarchies for Accurate Object Detection and Semantic
Segmentation, CVPR 2014.
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“Slow” R-CNN

Source: R. Girshick
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Segmentation, CVPR 2014.
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Fast R-CNN — ROI-Pool
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S. Ren, K. He, R. Girshick, and J. Sun, Faster R-CNN: Towards Real-Time Object Detection with Region
Proposal Networks, NIPS 2015
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Mask RCNN
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J. Redmon, A. Farhadi, YOLOv3: An Incremental Improvement .
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https://arxiv.org/pdf/1612.08242.pdf YOLO v2 Introduced anchor boxes to help predict different object sizes and aspect ratios.
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https://arxiv.org/pdf/1804.02767.pdf YOLO v3 was able to detect smaller objects more effectively and achieved higher accuracy
compared to its predecessors.
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Liu et al. PlaneRCNN: 3D Plane Detection and Reconstruction from a Single Image. CVPR 20109.
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