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The progress of object detection

PASCAL VOC 2012
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Two object detection architectures
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Refinement

>SD Faster R-CNN

a) featurized image pyramid a) Region proposal network

b) Single-shot detector with on CNN

_ b) Region-wise object detection sub-network
c) Multiple anchors at one level feature

1.High-accuracy, easy to train
2.Easy to follow
3.Resource/time consuming

1.High-speed

2.No repeated computations
3.Not easy to train

4.Strugle with small instances

4.Repeated computation with region-wise computing



So, what is the lesson?

\ Feature pyramid works better in locating all scales of objects
from: SSD, HyperNet, ION, MR-CNN

\ Using region proposal network to reduce searching space
from: R-FCN, Faster R-CNN, Fast R-CNN RON

\ A fully CNN pipeline with no repeated computation can achieve
high detection performance.
from: SSD, R-FCN
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RON: Reverse Connection with Objectness Prior Networks
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What is reverse connection and why?
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- Single feature map
((Fast(er) R-CNN)
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Multiple feature concatenation
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Exploring multiple feature directly
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Multiple feature with
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What is reverse connection and why?

mcw " a) Simple design
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So, what is the lesson?

\ Feature pyramid works better in locating all scales of objects
from: SSD, HyperNet, ION, MR-CNN

v Using region proposal network to reduce searching space
from: R-FCN, Faster R-CNN, Fast R-CNN RON

\ A fully CNN pipeline with no repeated computation can achieve
high detection performance.
from: SSD, R-FCN




From region propsoa/ boxes to region proposal maps
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Faster R-CNN:
Region proposal network (RPN) is fully convolutinal, but detection sub-

network is with repeated computation (ROI-Pooling).

Why?
The bbox regression in RPN changes the spatial locations of all boxes,
which breaks the anchor's reletionship with its corresponding kernel.



From region propsoal boxes to region proposal maps
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objectness prior v No repeated computations, much faster

— :Jj \ The total network is fully convolutional

\ There are one map for each type of anchors

Objectness pior:

Share anchors between RPN and detector, make it

posible to detect objects with fully ConvNet.

| | different from these mask-based methods.
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Region proposal maps
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So, what is the lesson?

\ Feature pyramid works better in locating all scales of objects
from: SSD, HyperNet, ION, MR-CNN

\ Using region proposal network to reduce searching space
from: R-FCN, Faster R-CNN, Fast R-CNN - RON

v A fully CNN pipeline with no repeated computation can achieve
high detection performance.
from: SSD, R-FCN




RON bounding box generation
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4*4 feature map

Convolutinal output in this position

a) sub-network for objectness

b) sub-network for detection with a)

c) sub-network for bounding box regression 8*8 feature map



RON object detector

conv conv
3x3, 512 ‘ ‘SxS, 4><Aﬂ bbox reg

inception inception conv
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Object detection and bounding box regression modules. Top: bounding box
regression; Bottom: object classification



RON optimization
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Main results

Method mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

Fast R-CNNJ 1 0] 70.0 77.0 78.1 693 594 383 8l1.6 78.6 86.7 428 788 689 847 820 766 699 318 70.1 748 804 704
Faster R-CNN[” 7] 73.2 76.5 79.0 70.9 655 52.1 83.1 847 864 520 819 657 848 846 775 767 388 736 739 83.0 72.6
SSD300[19] 72.1 752 798 705 625 413 81.1 808 8§64 515 743 723 835 846 806 745 460 714 738 830 69.1
SSD500[19] 75.1 798 795 745 634 519 849 856 872 56.6 80.1 70.0 854 849 809 782 490 784 724 B46 7T55
RON320 74.2 757 794 748 66.1 532 837 83.6 858 558 795 695 845 81.7 831 7T6.1 492 738 752 803 725
RON384 75.4 78.0 824 7677 67.1 569 853 843 86.1 555 806 714 847 848 824 762 479 753 741 838 745
RON320++ 76.6 794 843 755 695 569 837 840 874 579 813 741 841 853 835 778 492 767 713 867 772
RON384++ 77.6 86.0 825 769 69.1 59.2 86.2 855 872 599 814 733 859 868 822 79.6 524 782 760 862 78.0

Table 1. Detection results on PASCAL VOC 2007 test set. The entries with the best APs for each object category are bold-faced.

Method mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

Fast R-CNN[10] 68.4 823 784 70.8 523 387 778 7T71.6 893 442 73.0 550 875 805 808 72.0 351 683 657 804 642
OHEM][20] 71.9 83.0 813 725 556 490 789 747 895 523 750 61.0 879 809 824 763 47.1 725 673 80.6 712
Faster R-CNNJ[23] 70.4 849 798 743 539 498 775 759 885 456 77.1 553 869 817 809 7T9.6 40.1 726 609 81.2 615
HyperNet[ 1 6] 71.4 842 785 73.6 556 537 787 79.8 877 496 749 521 860 81.7 833 818 48.6 735 594 799 65.7
SSD300[ 19] 70.3 842 763 69.6 532 408 785 73.6 880 505 735 61.7 858 80.6 812 775 443 732 66.7 8l.1 65.8
SSD500[ 19] 73.1 849 826 744 558 500 803 789 888 537 768 594 87.6 837 826 814 472 7T55 656 843 68.1
RON320 71.7 84.1 78.1 71.0 56.8 469 79.0 747 875 525 759 602 848 799 829 786 47.0 757 669 82.6 684
RON384 73.0 854 80.6 719 563 498 80.6 76.8 882 536 781 604 864 815 838 794 48.6 774 677 834 695
RON320++ 74.5 87.1 81.0 746 588 51.7 821 770 89.7 572 799 62.6 872 832 850 805 514 76.7 68.5 84.8 704
RON384++ 75.4 86.5 829 76.6 60.9 558 S81.7 80.2 91.1 573 81.1 604 872 848 849 81.7 519 791 68.6 84.1 703

Table 2. Results on PASCAL VOC 2012 test set. All methods are based on the pre-trained VGG-16 networks.
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Main results

Average Precision

Method Tram Data - 575 0.5:0.95
Fast R-CNNJ10] train 35.9 - 19.7
OHEM|[26] trainval 425 22.2 22.6
OHEM++[26] trainval 45.9 26.1 25.5
Faster R-CNNJ[23] trainval 42.7 - 21.9
SSD300[ 1 9] trainval35k | 38.0 20.5 20.8
SSD500[ 1 9] trainval35k | 43.7 24.7 24.4
RON320 trainval 447 227 23.6
RON384 trainval 46.5 25.0 25.4
RON320++ trainval 475 2509 26.2
RON384++ trainval 49.5 27.1 274

Table 3. MS COCO test-dev2015 detection results.
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Main results

Method 2007 test 2012 test
Faster R-CNN[23]] 78.8 75.9
OHEM++[26]] - 80.1
SSD512[19] - 80.0
RON320 78.7 76.3
RON384 80.2 79.0
RON320++ 80.3 78.7
RON384++ 81.3 80.7

Table 4. The performance on PASCAL VOC datasets. All models
are pre-trained on MS COCO, and fine-tuned on PASCAL VOC.



Main results
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Check out the code/models

https://github.com/taokong/RON
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