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1A Hosang, Jan, et al. "What makes for effective detection proposals?." IEEE transactions on pattern analysis and machine intelligence, (2015).
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¥+ Girshick, Ross, et al. "Region-based convolutional networks for accurate object detection and segmentation.” IEEE transactions on pattern analysis and machine intelligence (2015)
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Girshick, Ross. "Fast r-cnn."” Proceedings of the IEEE international conference on computer vision. (2015).
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