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“Object Detection” & “Detecting Objects” in Google Scholar
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Anchor-based Two-Stage

Input Image Feature extractor

2014 2015 2016 2017 2018 2019

RCNN  Fast RCNN Faster RCNN FPN Cascade RCNN Grid RCNN
SPPNet
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Anchor-based Two-Stage

RCNN: Region CNN

Region Proposals: Selective Search
BBox Regressor

RAattArm_11n eanmantatinn marAainAa raninne at miiltinla e~ralace

VOC 2010 test | acro bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa tran tv |mAP

AlexNet DPMv5| J" 1492 538 13.1 153 355 534 497 270 172 288 147 178 464 512 477 108 342 207 438 383|334
UVA [32] 562 424 153 126 218 493 368 46.1 129 321 300 365 435 529 329 153 411 318 47.0 448351

Regionlets [35] |65.0 489 259 246 245 56.1 545 512 170 28.9 302 358 402 557 435 143 439 326 54.0 459 397

NMS SegDPM [15]" |61.4 53.4 256 252 355 S17 50.6 50.8 193 338 268 404 483 544 471 148 387 350 528 43.1|404
R-CNN 67.1 64.1 46.7 32.0 305 564 57.2 659 27.0 473 409 666 578 659 536 267 565 38.1 52.8 50.2|50.2

R-CNNBB 718 658 53.0 368 359 59.7 60.0 69.9 279 50.6 414 700 620 69.0 581 295 594 393 6L2 524 53.7

https://openaccess.thecvf.com/content_cvpr_2014/html/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.html



SPPNet: Spatial Pyramid Pooling
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Life of 1T &AL EMG SEARfa |

Anchor-based Two-Stage

method

mAP

areo bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

SPP-net (1)
SPP-net (2)

9.2
59.1

68.6 69.7 57.1 41.2 405 663 713 725 344 67.3 6L.7 63.1 710 69.8 57.6 29.7 59.0 50.2 65.2 68.0
65.7 714 574 42.4 399 67.0 714 706 324 66.7 61.7 64.8 TLT 704 56.5 30.8 59.9 53.2 63.9 64.6

combination

60.9

68.5 TL.7 58.7 41.9 42.5 67.7 72.1 73.8 34.7 67.0 63.4 66.0 72.5 71.3 58.9 32.8 60.9 56.1 67.9 68.8

R-CNN
2000 nets on image regions

https://ieeexplore.ieee.org/abstract/document/7005506/
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Anchor-based Two-Stage

F a S t R C N N method train set | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train v | mAP
SPPnet BB [ ! _]I‘ 07 \ diff | 73.9 723 625 515 444 744 730 744 423 736 577 703 746 743 542 340 564 564 679 735|631
R-CNNBB[!0] (07 734 77.0 634 454 446 751 781 798 405 737 622 794 781 731 642 356 66.8 672 704 TL1|66.0
FRCN [ours] 07 745 783 692 532 36.6 773 782 820 407 727 679 79.6 792 730 69.0 30.1 654 702 758 658|669
FRCN [ours] 07 \ diff | 74.6 79.0 686 57.0 393 79.5 786 B19 48.0 740 674 805 807 741 696 318 67.1 684 753 655|681
FRCN [ours] 07+12 77.0 78.1 693 594 383 B8L6 78.6 86.7 428 78.8 689 84.7 820 76.6 699 31.8 701 74.8 804 704|700

m A Table 1. VOC 2007 test detection average precision (%). All methods use VGGI16. Training set key: 07: VOCO07 trainval, 07 \ diff: 07
without “difficult” examples, 07+12: union of 07 and VOC12 trainval. TSPPnet results were prepared by the authors of [11].

method train set | aero bike bird boat botle bus car cat chair cow table dog horse mbike persn plant sheep sofa train v | mAP
BabyLearning Prop. 77.7 738 623 488 454 673 67.0 803 413 708 497 79.5 T4T 786 645 360 699 557 704 617|638 r
R-CNNBB[I0] |12 79.3 724 63.1 440 444 64.6 663 849 388 673 484 823 T50 767 657 358 662 548 69.1 38.8| 629

SegDeepM 124seg |82.3 752 67.1 507 498 711 69.6 882 425 712 50.0 857 766 818 693 415 TLY9 622 732 64.6| 672

FRCN [ours] 12 80.1 74.4 677 494 414 742 688 878 419 701 502 86.1 773 8Ll 704 333 67.0 633 772 60.0]|66.1

FRCN [ours] 07++12 (820 77.8 71.6 553 424 773 717 893 445 721 537 87.7 800 825 727 366 687 654 811 62.7| 688

Table 2. VOC 2010 test detection average precision (%). BabyLearning uses a network based on [17]. All other methods use VGGI16. ol5
Training set key: 12: VOCI12 trainval, Prop.: proprietary dataset, 12+seg: 12 with segmentation annotations, 07++12: union of VOCO07

trainval, VOCO7 test, and VOC12 trainval.

method train set | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv | mAP
BabyLearning Prop. 78.0 742 613 457 427 68.2 66.8 802 406 70.0 498 79.0 745 779 640 353 679 557 687 626|632
NUS_NIN_¢2000 | Unk. 80.2 73.8 619 437 430 703 67.6 807 419 697 517 782 752 769 651 38.6 683 580 687 633|638
R-CNNBB[I0] |12 79.6 72.7 619 41.2 419 659 664 846 385 672 467 82.0 T48 760 652 356 654 542 674 603|624

FRCN [ours] 12 80.3 74.7 669 469 377 739 68.6 877 417 711 511 860 T7.8 79.8 698 321 655 63.8 764 617|657

FRCN [ours] 07++12 (823 784 708 523 387 778 716 893 442 73.0 550 87.5 805 808 720 351 683 657 80.4 64.2| 684

Table 3. VOC 2012 test detection average precision (%). BabyLearning and NUS_NIN_c2000 use networks based on [17]. All other !

methods use VGG16. Training set key: see Table 2, Unk.: unknown.

http://openaccess.thecvf.com/content_iccv_2015/html/Girshick_Fast_R-CNN_ICCV_2015_paper.html
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Anchor-based Two-Stage
Faster RCNN features

method train set | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv |mAP
SPPnet BB [11]" [07\ diff | 73.9 723 62.5 515 444 744 730 744 423 736 577 703 746 743 542 340 564 564 679 735|631
R-CNNBB [10] |07 734 770 634 454 446 751 781 798 405 737 622 794 T8I 731 642 356 668 672 704 TL1| 660
FRCN [ours] 07 745 783 692 532 366 773 782 820 407 727 679 796 792 730 690 30.1 654 702 758 658|669
FRCN [ours] 07\ diff | 74.6 79.0 686 570 393 79.5 78.6 819 48.0 740 674 B0O5 807 741 69.6 318 67.01 684 753 655|681
FRCN [ours] 07+12 |77.0 781 69.3 594 383 81.6 786 867 428 788 689 847 820 766 699 318 701 748 804 704 70.0

AnchorTargetCreator

rois

https://arxiv.org/pdf/1506.01497 pdf
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Anchor-based Two-Stage
Ji T 4 T I Y SRR

http://openaccess.thecvf.com/content_cvpr_2017/html/Lin_Feature_Pyramid_Networks_CVPR_2017_paper.html

predict
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Anchor-based Two-Stage
FPN: Feature Pyramid Networks

4# predict|
AR oy S A
Fast R-CNN proposals | feature | head | lateral? top-down? | AP@0S AP AP, AP, Ap, redict]
(a) baseline on conv4 RPN, {Pr} | Ci |convs 547 | 319|157 365 455
(b) baseline on conv3 RPN, {P,} | Cs 2fc 529 |288 119 324 434
(c) FPN RPN, (P} | {B} | 2% | v v 569 [339(178 377 458
Ablation experiments follow:
(d) bottom-up pyramid RPN, {Pe} | {B:) | 2% | ¢ 449 [249]109 244 385
() top-down pyramid, w/o lateral RPN, {P.} | {P} | 2fc v 540 313|133 352 453
() only finest level RPN, {P.} | P 2fe v v 563 (334173 313 456

— é -

L A O 8 T

http://openaccess.thecvf.com/content_cvpr_2017/html/Lin_Feature_Pyramid_Networks_CVPR_2017_paper.html




Life of 1T &AL EMG SEARfa |

Anchor-based Two-Stage

Cascade RCNN

105 train | test val (5k) test-dev (20k) S

i backbone |cascade param

> speed | speed AP APs5g AP7s APg AP,y APy | AP APy AP75 APg AP,y APp

|

L 0.12s [0.0755|278M | 23.6 43.9 23.0 8.0 26.2 355|235 439 22,6 81 251 347
815 Faster RCNN| VGG : ®

I

I

0.14s |0.115s| 704M | 27.0 442 277 8.6 291 422]269 443 278 83 282 41.1
0.19s] 0.07s | 133M | 27.0 48.7 269 98 309 403|27.1 49.0 269 104 29.7 39.2
0.245]0.075s] 184M | 31.1 49.8 328 104 344 485|309 499 326 105 33.1 469
0.23510.075s|206M | 30.3 52.2 30.8 12.0 34.7 443|305 529 31.2 12.0 339 438
0.295|0.083s]256M | 33.3 52.0 352 11.8 37.2 51.1 333 526 352 121 36.2 493
0.30s |0.095s| 165M | 36.5 58.6 39.2 20.8 40.0 478|365 59.0 392 203 388 464
0.335|0.115s1272M | 40.3 594 437 229 437 541|406 599 440 22.6 427 52.1
0.38s|0.115s|238M | 38.5 60.6 41.7 221 419 51.1|388 o61.1 419 213 418 498
0.41s] 0.14s |345M | 42.7 61.6 46.6 238 462 574|428 62.1 463 237 455 552

FPN+ ResNet-50

FPN+ ResNet-101

NN XN XN XN X

6 R-FCN ResNet-50
4 R-FCN ResNet-101
5

EDQ

http://openaccess.thecvf.com/content_cvpr_2018/html/Cai_Cascade_R-CNN_Delving_CVPR_2018_paper.html
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Anchor-based Two-Stage

1R SRR

Grid RCNN
method backbone AP z"j'LP, e .AP. .E A.PS AP;‘ [ AP L
Faster R-CNN ResNet-50 | 338 | 554 359 | 174 379 453
Grid R-CNN ResNet-50 | 359 | 540 38.0 | 186 40.2 478
Faster R-CNN w FPN | ResNet-30 | 374 | 593 403 | 21.8 409 479
Grid R-CNN w FPN ResNet-50 | 39.6 | 583 424 | 226 438 515
Faster R-CNN w FPN | ResNet-101 | 395 | 61.2 43,1 | 227 4377 50.8
Grid R-CNN w FPN | ResNet-101 | 41.3 | 60.3 444 | 234 458 54.1
Grid R-CNN w FPN (ours) | ResNeXt-101 | 43.2 | 630 466 | 251 465 552

http://openaccess.thecvf.com/content_CVPR_2019/html/Lu_Grid_R-CNN_CVPR_2019_paper.html
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One Stage
2016 2017 2018 2020 2021

YOLOV1 YOLOV?2 RetinaNet YOLOV4 YOLOV5
YOLOv3

. Detection generator

DCIassHﬁcation
DRaqression

Feature extractor

Input Image Feature extractor

(a) Two-stage (b) One-stage
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Life of i5H]
YOU ONLY LOOK ONCE! 2016

Grid Detection

Bounding boxes + confidence

Anchor-free?

S x S grid on input Final detections

Class probability map

https://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Redmon_You_Only _Look_CVPR_2016_paper.html
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YOU ONLY LOOK ONCE! 2016

1R SRR

A

o

Conn. Layer Conn. Layer

443
?m
nz
3 ;
:f % 33[ 3
— "=
14 7 7
nz
56 28 \
- 7 Fa
3 192 254 52 1024 1024 1024
Conv. Layer Conv. Layer Conv. Layers Conv. Loyers Conv. Layers Conv. Layers
Fu7 nbd-s2 Ix3Ix192 1x1x128 1x1x2567 . 4 1x1x512 } x2 Ix3x1024
Maxpool Layer  Maxpool Layer IxIx256 3x3x512 3x3x1024 Ix3Ix1024
2x2-5-2 2x2.5-2 Ix1x256 1x1x512 IxIx1024
Ix3Ix512 3Ix3x1024 3x3x102442
Maxpool Layer Maxpool Layer
2x2-52 2x2s2

https://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Redmon_You_Only _Look_CVPR_2016_paper.html
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YOU ONLY LOOK ONCE! 2016

Real-Time Detectors Train mAP FPS
100Hz DPM [ 1] 2007 16.0 100
30Hz DPM [ 1] 2007  26.1 30
Fast YOLO 2007+2012 52,7 155
YOLO 2007+2012 634 45
Less Than Real-Time

Fastest DPM [ +] 2007 304 15
R-CNN Minus R [10)] 2007 33.5 6
Fast R-CINN [ 4] 2007+2012 70,0 0.5
Faster R-CNN VGG-16[25]  2007+2012  73.2 7
Faster R-CNN ZF [ 1+] 2007+2012 62.1 18
YOLO VGG-16 2007+2012 664 21

https://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Redmon_You_Only _Look_CVPR_2016_paper.html
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SSD: Single Shot MultiBox Detector 2016

VGG-16

_ through Conv5_3 layer

Classifier : Conv: 3x3x(4x(Classes+4))

Extra Feature Layers
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N
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| Y
| N
| e
300 | I
| |
| : 38
Image | |
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300 : |
A |
\ I 38
AN
a \
N

https://arxiv.org/pdf/1512.02325
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——_ 1024
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1024

Comv?
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A
[ | —
7
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g
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~
«Q
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Came AN B
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(=]

3
1024 512 256 256 El 256 |
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| Non-Maximum Suppression |
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1R SRR

SSD: Single Shot MultiBox Detector 2016

Method mAP | FPS | batch size | # Boxes | Input resolution
Faster R-CNN (VGG16) | 73.2 7 1 ~ 6000 | ~ 1000 x 600
Fast YOLO 52.7 | 155 1 938 448 x 448
YOLO (VGGI6) 66.4 | 21 1 938 448 x 448
SSD300 743 | 46 1 8732 300 x 300
SSD512 76.8 | 19 1 24564 512 x 512
SSD300 743 | 59 8 8732 300 x 300
SSD512 76.8 | 22 8 24564 512 x 512

https://arxiv.org/pdf/1512.02325
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YOLO90OO: Better, Faster, Stronger 2017

Detection Frameworks Train mAP FPS

batch: Fast R-CNN [7] 2007+2012  70.0 05

hi-res clas: Faster R-CNN VGG-16[15] 2007+2012  73.2 7
convoluti  Faster R-CNN ResNet[6] 200742012 76.4 5
anchorb  yQLQO [14] 200742012 634 45
newnett  gsp300[11] 200742012 743 46

dimension p

location predic _ SSD300 [11] | 2007+2012  76.8 19
passthrc  YOLOV2 288 x 288 2007+2012  69.0 91
multi- YOLOv2 352 x 352 200742012 737 81

hi-res detc  YOLOv2 416 x 416 200742012 768 67
VOC2007  yOLOv2 480 x 480 2007+2012 778 59
YOLOv2 544 x 544 200742012 78.6 40

http://openaccess.thecvf.com/content_cvpr_2017/html/Redmon_YOLO9000_Better_Faster_CVPR_2017_paper.html

Hi-resclassifier...

Darknetl19
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Focal Loss for Dense Object Detection 2018

38

@ RetinaNet-50

36| RetinaNet-101
AP time
[A] YOLOV2T [26] [21.6 25
O 34 r [B] SSD321 [21] 28.0 6l
< F [C] DSSD321 [9] [280 85
O [D] R-ECN¥ [3] 299 85
8 32+ [E] SSD513[21]  |31.2 125
O [F]DSSD513[9] [33.2 156
[G] FPN FRCN [19]]36.2 172
30 D RetinaNet-50-500 |32.5 73
RetinaNet-101-500 |34.4 90
RetinaNet-101-800 |37.8 198

(a) ResNet 28 |B C TNot plotted ¢E:{Ira[:::olated time
50 100 150 200 250

inference time (ms)
http://openaccess.thecvf.com/content_iccv_2017/html/Lin_Focal_Loss_for_ICCV_2017_paper.html

T
Y
=

pox subnet (bottom)
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AR SEARAS N

YOLOv3: An Incremental Improvement 2018

Darknet53

G

* YOLOv3

~@- RetinaNet-50
~4 RetinaNet-101

Method mAP-50 time

[B] SSD321 45.4 61

[C] DSSD321 461 85

[D] R-FCN 51.9 85

% R ﬁ [E] SSD513 50.4 125
[F] DSSD513 53.3 156

[G] FPN FRCN 591 172

RetinaNet-50-500 50.9 73

RetinaNet-101-500 53.1 90

| H]%ﬂf_z[_( RetinaNet-101-800 57.5 198
o YOLOV3-320 515 22
48 YOLOV3-416 55.3 29

| YOLOv3-608 579 51

50 B C 100 150 200 250

https://arxiv.org/abs/1804.02767

inference time (ms)
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YOLOv4: Optimal Speed and Accuracy of Object Deteetion 2020

|Eﬂse layen ase layen
CTTTTTTTTTTT T T T s o s s 75
] 1
I

----------------------------- | Part 1 Part 2

P I
MOS&]I(‘;E Dense Dense
1! Block Block

CSPD%

w

Tran sitinﬂ

(a) DenseNet (b) CSPDenseNet

Transitio

Bag- of SN

-

Top-1 Top-5 BnOps BFLOP/s FPS

Backbone

Neck: { FPN [44], PANet [49), F

N Darknet-19 [15]  74.1  91.8 7.29 1246 171

Bag—of —gpeﬂiea'lwm ResNet-101[5] 77.1 937 19.7 1039 53
Sparse Prediction: (Fa 5 ResNet-152[5]  77.6  93.8 29.4 1090 37 Wjpg

Darknet-53 77.2 93.8 18.7 1457 78

https://arxiv.org/abs/2004.10934
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YOLOVS MosaicZiEIE5R

55 Better

| EERET

50 1
_ 45 A L\ s S
&N F 48
S 40
8 —e— YOLOV5Nn6
o —o— YOLOvV5s6

—e— YOLOV5M6 :tj;/j

—e— YOLOV5SI6 FOCUSém 4

—o— YOLOvV5x6
o EfficientDet

Falsoter 4—20 GPU Speed ?r(')nslimg) 0 >0 CSPén *@ ......

YOLOv5Nn6

https://github.com/ultralytics/yolov5
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2017 2018 2019
Keypoint-based PLN CornerNet CornerNet-Lite ResPoint
ExtremeNet
Center-based 2019 2021

CenterNet FSAF FCOS SAPD YOLOX
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Life of 115 M IE1F AR R

Anchor-free Keypoint-based

CornerNet: Detecting Objects as Paired Keypoints 2018

" feature maps top-left corner pooling

http://openaccess.thecvf.com/content_ECCV_2018/html/Hei_Law_CornerNet_Detecting_Objects_ECCV_2018_paper.html

Module

~\

Heatmaps

Embeddings

Offsets
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CornerNet-Lite: Efficient Keypoint Based Object Detection 2019

44 CornerNet-Saccade(ours)
® CornerNet [Law & Deng '18]
e """~ --~"-~- - - - - =— 7= ==~ -®
State-ol-the-art accuracy of keypoint-based object detection
ol CornerNet-Saccade
o
{ m -
o
g . CornerNet-Squeeze
ComerMNet-Squeeze(ours)
M
@ YOLOw3E [Redmon & Farhadi "18]
32 L I
| Real-time inference
I
an ]

0 200 400 600 800 1000 1200
inference time (ms)
https://arxiv.org/abs/1904.08900



Life of 1 &E M| EIG SLARA

CornerNet-Saccade

\\
Object locations \\
\
m » X0 Yo) \
Downsizing (% ¥4) (X, ¥s) Merging detections

(xc,r yo) — i
(X2' yz)Ankmg & picking

top k locations

Generating object locations Detecting objects

https://arxiv.org/abs/1904.08900
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CornerNet-Squeeze

[nput Operator | Output
SqueezeNet Residual block in CornerNet
hxwxk 3 % 3 Conv, RelLU hxwxk
hxwxk' 3 % 3 Conv, ReLLU hxwxk
MobileNet Fire module in CornerNet-Squeeze
hxwxk | % 1 Conv h}{w:x:%
hxwx5 | 1x1Conv+3x3Dwise, ReLU | hxwx K

Comparison between the residual block and the new fire module.

https://arxiv.org/abs/1904.08900
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Anchor-free Keypoint-based

o¥
R eudob [ ]
Point s
localization
convert ‘ s ~ supervision

Bottc
Cent

| o ’ B

Cent

'_ recognition
T supervision
Rf o o feature extraction
. . tati\/e + classification
RepF ot
rep poln
Dete

Reppoints: http://openaccess.thecvf.com/content_ICCV_2019/html/Yang_RepPoints_Point_Set_Representation_for_Object_Detection_ICCV_2019_paper.html
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Center-based
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Anchor-free Center-based
CenterNet: Objects as Points 2019

INHe 8¢ 00000 seees
i JG o0 ae X i 40
E:[ A
NMS X 2
(a) St: S
tion. T
with ¢ 30 - —8— CenterNet(ours)
any ol FasterRCNN
FPN X faca X —— RetinaNet
% : ¢ YOLOv3
Crwisce 95 - ' : :
0 50 100 150 200

Inference time (ms)

https://arxiv.org/abs/1904.07850
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Feature Selective Anchor-Free Module for Single-Shot-Object
Detection 2019

60x60

ad-hoc heuristics

AN

large anchor-
N B (R |/ — e\
anchor \

/ medium anchors S ) -
based branch

40x40
/ small anchors anchor- =3

I based branch

feature pyramid

http://openaccess.thecvf.com/content_CVPR_2019/html/Zhu_Feature_Selective_Anchor-Free_Module_for_Single-Shot_Object_Detection_CVPR_2019_paper.html
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Detection 2019

1R SRR

Feature Selective Anchor-Free Module for Single-Shot-Object

Vi A |  anchor- |r=======-----mmmmmmm e ——m -
CornerNet511 [17] (single-scale) Hourglass-104 405 565 431 194 427 539
CornerNet [ | 7] {multi-scale) ) 42,1 578 453 208 448 567
GHME00D | 1%] 416 628 442 223 451 553
Ours800 (single-scale) ResNeXt-101 429 638 463 266 462 527
Ours (multi-scale) 446 652 486 297 471 5406
e dncir- -
/ / based branch |1 |/ 5 _.
i1 | anchor-free =]
[ ! branch
feature pyramid FSAF module

http://openaccess.thecvf.com/content_CVPR_2019/html/Zhu_Feature_Selective_Anchor-Free_Module_for_Single-Shot_Object_Detection_CVPR_2019_paper.html
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FCOS: Fully Convolutional One-Stage Object Detection-2019

7x8/128

13x16/64

FQEEEATN ﬂ

center-ness | Z
100x128/8

| min(/*, r*
HXW/s Backbone ! FeatreP .onterness® = \/ ( ) X

Classification
HxWxC

Center-ness !
HxWx1

P3

y Regression !
HxWx4

|ared Heads Between Feature Levels

'x256 HxWx256

min(t*,b*) |

max(l*,7*)  max(t*,b*)’

http://openaccess.thecvf.com/content_ICCV_2019/html/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.html
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FCOS: Fully Convolutional One-Stage Object Detection-2019

Method Backbone AP AF;’:.[) AFT;':. a‘!\.PS .f!'i.P.l,f ﬁPL
Two-stage methods:
Faster R-CNN w/ FPN [14] ResNet-101-FPN 6.2 59.1 39.0 182 390 43.2
Faster R-CNN by G-RMI [11] | Inception-ResNet-v2 [27] 347 555 36.7 135 381 52.0
Faster R-CNN w/ TDM [25] Inception-ResNet-v2-TDM | 36.8 57.7 39.2 162 398 521
One-stage methods:
YOLOv2 [22] DarkNet-19 [22] 21,6 440 19.2 3.0 224 355
S5D513 18] ResNet-101-85D il.2 504 333 102 345 498
DSSD513 [5] ResNet-101-DSSD 332 533 35.2 130 354 511
RetinaNet [15] ResNet-101-FPN 9.1 59.1 423 | 218 427 50.2
CornerNet [13] Hourglass-104 405  56.5 43.1 194 427 539
FSAF [34] ResNeXt-64x4d-101-FPN 429 638 463 | 266 462 527
FCOS ResNet-101-FPN 41.5 607 450 | 244 448 516
FCOS HRNet-W32-51 [26] 420 604 453 | 254 450 510
FCOS ResNeXt-32x8d-101-FPN 427 622 46.1 26,0 456 526
FCOS ResNeXt-64x4d-101-FPN 432 628 466 | 265 462 533
FCOS w/ improvements ResNeXt-64x4d-101-FPN 447 o041 454 | 276 475 556

http://openaccess.thecvf.com/content_ICCV_2019/html/Tian_FCOS_Fully_Convolutional_One-Stage_Object_Detection_ICCV_2019_paper.html
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YOLOX: Exceeding YOLO Series in 2021

51 a1
YOLOX-S
50 b 4 39 ® X
4 -
. 37
48 4 EfficientDet-Lite3
+ X 35 X
47 - ) _
£ - X 33 EfficientDet-Lite2
%—‘, 46 + s YOLOX-Tiny ] cientDet-Lite
< 45 + <3 X
S @ YOLOX-L S
g “ : , g 29 EfficientDet-Litel
3 % YOLOVS-L "
a2 -4 YOLOX-DarkNet53 ‘OlOX-Nano X
| 25 EfficientDet-Lite0
41 ¢ YOLOv5-Darknet53
X ) 23 A
40 X - EfficientDet NanoDet
a9 i | @ PPYOLO-Tiny .” YOLOV4-Tiny
5 8 11 14 17 20 23 26 29 32 35 38 41 44 05 15 25 35 45 55 65 75 85 95 105 115 125
V100 batch 1 Latency (ms) Number of parameters (M)

Figure 1: Speed-accuracy trade-off of accurate models (top) and Size-accuracy curve of lite models on mobile devices
(bottom) for YOLOX and other state-of-the-art object detectors.

https://arxiv.org/abs/2107.08430
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}3

1R SRR

i3 E——Vision Transformer. Swin Transformer

Patch + Position
Embedding

* Extra learnable

[class] embedding

ST

WEm——

o
| ¢

Dank

MLP
Head

i

@

Madal be

Vision Transforme

] RepPointsV2

{a) Various frameworks

Method

Backbone

AP APS® APH

#param. FLOPs FPS

Cascade
Mask R-CNN

R-50
Swin-T

46.3
50.5

64.3
69.3

50.5
54.9

82M
86M

739G
745G

18.0
15.3

ATSS

R-50
Swin-T

43.5
47.2

61.9
66.5

47.0
51.3

32ZM
36M

205G
215G

28.3
223

R-50
Swin-T

46.5
50.0

64.6
68.5

50.3
54.2

42M
45M

274G
283G

13.6
12.0

Swin Transformer

segmentation

T 1+1

| DeiT-S7

© Swin-T

Sparse
R-CNN

R-50
Swin-T

44.5
47.9

63.4 48.2
67.3 5.3

106M
110M

166G
172G

21.0

18.4

(b) Various backbones w.
AP™* AP APY

Cascade Mask
Apm‘k A%ﬂsk Ap%uk

R-CNN
paramFLOPsFPS

48.0
46.3
50.5

67.2
64.3
69.3

R50

51.7
50.5
54.9

414 642 443
40.1 el7 434
43.7 66.6 47.1

80M 889G 10.4
82M 739G 18.0
86M 745G 15.3

X101-32]
Swin-8

48.1
51.8

66.5
70.4

524
56.3

41.6 639 452
44.7 679 485

101M 819G 12.8
107M 838G 12.0

X101-64]
Swin-B

48.3
51.9

66.4
70.9

523
56.5

41.7 640 45.1
45.0 684 487

140M 972G 10.4
145M 982G 11.6

(c) System-level Comparison

Method

mini-val

APM™

test-dev
X Apmask

APbor Apmask

#param. FLOPs

RepPointsV27# [1 7]
GCNet* [7]
RelationNet++* [ 1]
DetectoRS* [42]
YOLOv4 PT* [4]
Copy-paste [23]

51.8

55.9

- 52.1
44,7 | 52.3
- 527
- 557
- 55.8
47.2 | 36.0

45.4
48.5

47.4

- 1041G

185M

X101-64 (HTC++)

46.0

155M 1033G

Swin-B (HTC++)
Swin-L (HTC++)
Swin-L (HTC++)*

91| - f
49.5 | 57.7
50.4 | 58.7

160M 1043G
284M  1470G
284M -

A local window to
| perform self-attention

A patch

1440G |

kil M T

W/m

https://openaccess.thecvf.com/content/ICCV2021/html/Arnab_ViViT_A_Video_Vision_Transformer_ICCV_2021_paper.html?ref=https://githubhelp.com
http://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper.html

tion ...



Receptive Field Size

https://arxiv.org/abs/2107.00641
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103 -

102 -

Bzt

}3

1R SRR

# FE——Focal Transformer

Backbone RetinaNet Mask R-CNN

AP* AP? AP™

'—/’4

ResNet-50 [34] 36.3 38.0 34.4 ‘
PVT-Small 40.4 404 37.8
ViL-Small [80] 41.6 41.8 38.5
Swin-Tiny [44] 42.0 437 398
Focal-Tiny (Ours) 43.7 +1.7) | 44.8 (+1.1) 41.0 (+1.3) ——l
ResNet-101 [34] 38.5 404 36.4
ResNeXt101-32x4d [70] | 39.9 41.9 37.5
PVT-Medium [63] 41.9 42.0 39.0
ViL-Medium [80] 42.9 434 39.7
Swin-Small [44] 45.0 46.5 421
Focal-Small (Ours) 45.6 (+0.6) | 47.4 (+0.9) 42.8 (+0.7)
ResNeXt101-64x4d [70] [41.0 42 8 38.4
PVT-Large [63] 42.6 429 39.5 7'0 8‘0
ViL-Base [80] 44.3 45.1 41.0
Swin-Base [44] 45.0 46.9 423
Focal-Basc (Ours) 46.3 (+1.3) | 47.8 (+0.9) 43.2 (+0.9)

.....

Stage 4
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The Trash Dataset of Our Demo
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The Trash Dataset of Our Demo

10%hp 1080999 30GgH 4004pg, 300 560500 eBHFOC 70pGFE00806HY
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1R SEARAS I

The Models of Our Demo

One-Stage YOLOvS-s
Two-Stage Faster R-CNN + FPN

Anchor-free YOLOX-s

Val Datasets AP(%)
36.7
COCO 35.9

39.6
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El ) sEE W8N SHEN) KRB0 BaER) B2V T80 Gite) =HOW) HEH)
2dashujujishu  deep-learning-for-image-processing-master = deep-learning-for-image-processing-master - pytorch_object detection = faster_renn gl predict.py detect (1) ¥ Git(G):

& i predict.py e demo.py e detect.py
os.path.exists(train_weights) .format(train_weights)

>
>l model.load_state_dict(torch.load(train_weights =device) [ 1)
>

] model.to(device)

label_json_path =
os.path.exists(label_json_path) .format(label_json_path)

json_file = (label_json_path

F Pull Request

class_dict = json.load(json_file)
json_file.close()
category_index = {v: k f class_dict.items()}

original_img = Image.open(

data_transform = transforms.Compose([transforms.ToTensor()])

img = data_transform(original_img)
img = torch.unsqueeze(img

model.eval()

torch.no_grad():

img_height, img_width = img.shape[-2:]
init_img = torch.zeros(( img_height, img_width) =device)

model(init_img)

.
t_start = time_synchronized()
predictions = model(img.to(device))[0] aS er s— s/\;l

t_end = time_synchronized()
main()
Q=#Es

Peit E7op0 ©O@E B%iE L Python Packages @ Python %
72:65 LF UTF-8 44\ZSi Python 3.8 (pytorch) (2) P master
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The Models of Our Demo

YOLOX Faster R-CNN YOLOv5

BIEMWdR 0.73

A] [A] 37 3% 6 3% A] [B] A 3 3. 86.2% a] [A] 37 3% 73%
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Bl e ®|E #80 SmN /B0 SR =W TEO Gite @#0w) #HsiH)
yolov5-5.0-trash = g video.py
z &
- 1 time
cv2

—

i

numpy np

¥

torch
models.experimental attempt_load
vtils.datasets t letterbox
uvtils.general check_img_size, non_max_suppression, scale_coords, xyxy2xywh, set_logging

F Pull Request

utils.plots colors, plot_one_box
uvtils.torch_utils t select_device, time_synchronized

trash_classification = [
trash_names=[

no_grad()
detect(

weights=
imgsz=
cap=
conf_thres=
iou_thres=
max_det=
device=
crop=
classes=
agnostic_nms=

augment=

e

PGt =Ttopo0 @EaE B&E £ Python Packages %@ Python 5#l& Q=ua=
CRLF UTF-8 4425t Python 3.8 (pytorch) (2) }, master ‘i
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The Models of Our Demo

AP Model Infe.rence
Time
One-Stage 80.3% 13.9MB 2/ms

YOLOvV5-s

Two-Stage
Faster R-CNN + FPN 03.7% 316./MB 108ms

Anchor-free
YOLOX.< 71.4% 68.60MB 205Sms

Tested on RTX1080
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https://arxiv.org/abs/2103.00020
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