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Introduce

* Active learning has been shown to effective at annotating data for
Image classification, but largely unexplored for object detection.

* We present two metric for measuring the informativeness of an
object hypothesis.
* Localization Tightness (TL).
* Localization Stability (LS).



Background

* Active learning.

region proposal

* Object Detection.

* Two stage: img — Feature extraction = RP — classification/ Locating regression
* R-CNN. Fast R-CNN. Faster R-CNN
* SPP-NET

* One stage: /img— Feature extraction — classification/ Locating regression

* OverfFeat
* YOLOv1l, YOLOvV2, YOLOV3
« SSD



Background — RCNN (regions with cnn)

Selective Search for Object Recognition (IJCV 2013)



Background — RCNN (Regions with CNN)
R-CNN: Regwns with CNN features

] warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity

1image proposals (~2k) CNN features regions
* Process

* Using SS to extract region proposals
* Score each region proposals

* Rank the scores of the candidate boxes, then remove some regions
according to some rules. (NMS)

* Make a border regression of the last remaining boxes. (Position. Size)



(b)

* Given a predicted box that is absolutely certain about its classification
result (Pnqx = 1), but it cannot tightly enclose a true object (T = 0).

* Reversely, if the predicted box can tightly enclose a true object (T = 1),
but the classification result is uncertain (low Py 44).

J(B}) = |T(B}) + Ppas(B)) — 1] Tr(1;) = min;J( Bg) | select



Method

* Localization Stability

If the current model is stable to noise, meaning that the detection result does not dramatically

change even if the input unlabeled image is corrupted by noise, the current model already
understands this unlabeled image well so there is no need to annotate this unlabeled image.
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Experiment

* Two baselines:
* Random (R)
* Classification Uncertainty (C)
* Two baselines:

* Qurs:
* Localization stability only (LS)
* Localization stability + Classification Uncertainty (LS+C)
* Localization tightness + Classification Uncertainty (LT/C)

* Localization tightness + Classification Uncertainty + Ground-truth boxes
Instead of the estimate used in LT/C (LT/C(GT))



Experiment — FRCNN on PASCAL 2012 and PASCAL 2007
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Experiment — FRCNN on PASCAL 2012 and PASCAL 2007

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

R 71.1 61.5 54.7 284 320 68.1 579 754 258 442 364 730 619 673 681 21.6 519 41.0 655 51.7| 529
C 70.7 629 547 255 308 66.1 562 781 264 545 367 769 683 677 674 225 577 408 63.6 525 | 54.0
LS+C [739 63.7 569 296 352 665 585 779 313 50.8 40.7 738 654 669 684 248 580 449 642 539|553
LT/C 698 64.6 546 295 338 703 59.7 755 295 463 418 730 625 69.0 708 232 565 428 643 559 | 54.7

PASCAL 2012

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

R 61.6 672 54.1 400 33.6 645 730 739 345 608 522 693 747 666 67.1 259 521 542 66.1 549|573
C 569 680 549 368 344 68.1 717 755 340 68.6 510 714 747 652 659 249 60.0 539 63.0 574|578
LS+C |61.5 644 558 402 387 663 738 747 39.6 680 563 715 738 672 667 277 613 570 656 574|594
LT/C |57.6 69.7 529 41.1 384 697 744 718 364 612 581 695 743 662 678 280 555 563 655 582|586

PASCAL 2007



mAP

Experiment — FRCNN on MS COCO 2012 and SSD on PASCAL 2007
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FRCNN on MS COCO 2012
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