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1. Deep Co-Objectness and Detection

To demonstrate the impact of having better object proposals on object detection, we employed our proposals within the
Fast RCNN algorithm of [1]. In Table 1, we compare the resulting Average Precisions with the of state-of-the-art object
detectors on Pascal VOC 2007. We used selective search proposals by Hosang et al. [4] as initial pool of bounding-boxes
to co-generate the object proposals. Following [3], we also provide a detailed comparison of different performance criteria
in Fig. 1. Note that we outperform the original Fast RCNN by 4.2% on average, with up to 12% for some classes, such as
bottle. Note also that we outperform the state-of-the-art object co-detection approach of [2] and the region proposal network
of [5]. The detection trends for all the object categories are detailed in Fig. 2.

VOC 2007 (test) aero  bike bird boat bottle bus  car cat chair cow table dog horse mbike person plant sheep sofa train tv | mAP

Fast RCNN (SS) [1] 745 783 692 532 366 773 782 8.0 407 727 679 796 792 730 690 301 654 702 758 658 | 66.9
CoDet-G-DL (SS) [2] 75.8 781 693 538 369 775 79.0 825 40.1 735 677 814 822 754 70.0 334 654 700 743 672 | 67.7
RPN [5] 70.0 806 701 573 499 782 804 8.0 522 753 672 803 798 750 763 39.1 683 673 811 676 | 699

Co-Obj (SS) + FastRCNN | 734 794 719 616 484 812 819 848 475 782 696 815 819 778 755 381 734 689 780 680 | 71.1

Table 1: Detection Average Precision(%) on the PASCAL VOC 2007 test set: Rows 1-3 show the multi-class object
detection state-of-the-art results. The results of our approach are provided in Row 4.
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Figure 1: Sensitivity and impact analysis: Overall detailed performance comparison using different metrics (i.e., occlusion,
truncated, size, aspect ratio, view point and part visibility). The black dashed line indicates the overall average normalized
precision APx.
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Figure 2: Deep co-objectness and detection trends. Following [3], we show the evolution of the type of detection as the
number of detections increases; The white areas correspond to the correct detections; The blue areas represent the detections
with localization error; The red areas correspond to confusion with a similar category; The green areas represent the con-
fusion with a dissimilar category. Finally, the curves show the recall as a function of the number of objects (dashed=weak
localization, solid=strong localization).
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