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2. Run convolutional network.
3. Non-max suppression.
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MR_CNN_.MORE.DATA [11] | 73.9 | 85.5 829 76.6 57.8 627 794 772 86.6 550 791 622 870 834 847 789 453 734 0658 803 740
HyperNet_VGG 714|842 785 736 556 537 787 79.8 877 49.6 749 521 86.0 817 833 BL8 48,6 735 594 799 657
HyperNet_SP 713 | 841 783 733 555 53.6 78.6 79.6 875 495 749 521 856 81.6 832 81.6 484 732 593 79.7 65.6
Fast R-CNN + YOLO 70.7 | 83.4 785 735 558 434 79.1 731 894 494 755 57.0 875 809 81.0 747 41.8 715 685 821 672
MR_CNN_S_CNN [11] 707 | 85.0 79.6 71.5 553 577 760 739 846 505 743 61.7 855 799 817 764 410 69.0 61.2 777 721
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YOLO 5791770 672 57.7 383 227 683 559 814 362 60.8 485 772 723 713 635 289 522 548 739 508
Feature Edit [33] 563 | 746 69.1 544 39.1 331 652 627 69.7 308 56.0 44.6 700 o644 7I.1 602 333 613 464 61.7 578
R-CNN BB [ 7] 533|718 658 520 341 326 59.6 60.0 698 27.6 520 41.7 69.6 613 683 578 29.6 57.8 409 593 541
SDS [16] 507 1 69.7 584 485 283 288 613 575 70.8 241 507 359 649 59.1 658 571 260 588 386 589 50.7
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