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Nowadays State of the Art approach, are so
architected:
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This complex pipeline means that:

» Slow Pipeline

» Single Pipelines Hard to Optimize

®» Need Parallel Training for Components




) \WHAT’S NEW?

(In the architecture approach.)
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2 Concepts

D Detection as Single Regression Problem

» Developed as Single Convolutional Network
2 Reason Globally on the Entire Image

2 Learns Generalizable Representations




2 Unified Detection
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» Divide the image into a SxS grid.

I If the center of an object fall into a grid cell, it will
be the responsible for the object.

2 Each grid cell predict:

2 B bounding boxes;

2 B confidence scores as C=Pr(Obj)*I10U;
2 C cond. Class prob. as P=Pr(Class; | Object);

» Confidence Prediction is obtained as 10U of
predicted box and any ground truth box.




2 We obtain the class-specific confidence
score as:

Pr(Class;| Object)*Pr(Object)*IOU

Pr(Class;)*I10U
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» Loss-Function
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» Limitations

D Struggle with Small Object.
» Struggle with Different aspects and ratios

of objects.
2 Loss function is an approximation.

» Loss function threats errors in different boxes
ratio at the same.




) EXPERIMENTS

(How performs?.)
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» General Comparison

Real-Time Detectors Train mAP FPS
100Hz DPM [30] 2007 16.0 100
30Hz DPM [30] 2007  26.1 30
Fast YOLO 2007+2012 52.7 155
YOLO 2007+2012 63.4 45
Less Than Real-Time

Fastest DPM [37] 2007 304 15

Fast R-CNN [ 4] 200742012 70.0 0.5
Faster R-CNN VGG-16[27] 2007+2012 73.2 7

Faster R-CNN ZF [77] 200742012  62.1 18
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2 Fast R-CNN & YOLO

Fast R-CNN YOLO

Background: 13.6% Background: 4.75%
Other: 4.0%
Sim: 6.75

Other: 1.9%
Sim: 4.3%
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2 Fast R-CNN & YOLO

Using YOLO accuracy for Big object to
avoid detection mistakes into Fast R-CNN:

mAP Combined Gain

Fast R-CNN - 71.8 -
Fast R-CNN (2007 data)  66.9 72.4 .6
Fast R-CNN (VGG-M) 59.2 72.4 .6
Fast R-CNN (CaffeNet)  57.1 72.1 3
YOLO 63.4 75.0 3.2




2 Fast R-CNN & YOLO

VOC 2012 test mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa

MR.CNN.MOREDATA['1]| 739 | 8.5 829 766 578 627 794 772 86.6 550 79.1 622 870 834 847 789 453 734 658 803 740
HyperNet_VGG 714 (842 785 73.6 556 537 787 798 817 496 749 52.1 86.0 817 833 818 48.6 735 594 799 65.7
HyperNet_SP 713 [ 84.1 783 733 555 536 786 79.6 815 495 749 521 856 B8l.6 832 B8l.6 484 732 593 79.7 65.6
Fast R-CNN + YOLO 70.7 | 834 785 735 558 434 79.1 73.1 894 494 755 57.0 875 809 8l.0 747 418 715 685 821 672
MR_CNN.S.CNN[!1] 70.7 [ 85.0 79.6 715 553 577 760 739 846 505 743 61.7 855 799 B8L7 764 410 69.0 612 77.7 72.1
Faster R-CNN [27] 704 | 849 79.8 743 539 498 775 759 885 456 77.1 553 869 817 809 79.6 40.1 726 609 812 615
DEEP_ENS_COCO 70.1 | 84.0 794 71.6 519 S51.1 741 721 88.6 483 734 578 B86.1 800 80.7 704 466 69.6 688 759 714
NoC [2¢] 688 | 828 79.0 71.6 523 537 741 690 849 469 743 53.1 850 813 795 722 389 724 595 76.7 68.1
Fast R-CNN [14] 684 | 823 784 708 523 387 718 71.6 893 442 730 550 875 805 80.8 720 35.1 683 657 804 642
UMICH-FGS_STRUCT 664 | 829 76.1 64.1 446 494 703 712 846 427 686 558 827 711 799 687 414 69.0 60.0 720 66.2
NUS_NIN_C2000 [ 7] 638 | 802 73.8 619 437 430 703 67.6 80.7 419 69.7 517 782 752 769 651 386 683 580 68.7 63.3
BabyLearning [ ] 632 | 780 742 613 457 427 682 668 802 406 700 498 79.0 745 779 640 353 679 557 68.7 62.6
NUS_NIN 624|779 73.1 626 395 433 69.1 664 789 39.1 68.1 50.0 772 713 76.1 64.7 384 669 562 669 62.7
R-CNN VGG BB [ 7] 624 | 796 727 619 412 419 659 664 B84.6 385 672 467 820 748 760 652 356 654 542 674 603
R-CNN VGG [ 7] 592|768 709 566 375 369 629 63.6 8l.1 357 643 439 804 716 740 60.0 308 634 520 635 58.7
YOLO 579 (770 672 57.7 383 227 683 559 814 362 608 485 772 723 713 635 289 522 548 739 508
Feature Edit [*”] 563 (746 69.1 544 39.1 331 652 627 69.7 308 560 446 700 644 71.1 60.2 333 613 464 61.7 578
R-CNNBB [!7] 533|718 65.8 520 341 326 596 600 698 27.6 520 417 696 613 683 578 29.6 57.8 409 593 54.1
SDS [16] 50.7 [ 69.7 584 485 283 288 613 575 708 241 50.7 359 649 59.1 658 57.1 260 588 386 589 507
R-CNN[17] 496 | 68.1 63.8 46.1 294 279 566 57.0 659 265 487 395 662 573 654 532 262 545 381
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) SUMMARY

(Why is an interesting approach.)

Signal Theory and Communications Department



» Pros

2 Trained on a loss function that
directly corresponds to detection
performance.

D The entire model is trained jointly.

y The fastest general-purpose object
detector in the literature.

DA i 45f

t least detection at 45fps.
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THANKS !'!!

QUESTIONS?
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