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DNN-based Object Detection

R-CNN— MultiBox — SPP-Net — DeepID-Net —-NoC — Fast R-CNN — DeepBox — MR-CNN —
2013.11 ECCV '14 PAMI ‘16 ICCV '15 ICCV '15

Faster R-CNN —YOLO — AttentionNet — DenseBox — SSD —Inside-OutsideNet(ION) —G-CNN —
NIPS ‘15 CVPR ‘16 ICCV '15 ECCV ‘16 CVPR ‘16

HyperNet — MultiPathNet — CRAFT — OHEM — R-FCN — MS-CNN — PVANET — GBDNet —
BMVC 16 CVPR '16 CVPR 16 NIPS 16 ECCV '16
StuffNet — Feature Pyramid Net (FPN) — YOLO v2 — DSSD — CC-Net — Mask R-CNN ...
CVPR 17

YOLO v2

* YOLO9000: Better, Faster, Stronger
 arxiv: https://arxiv.org/abs/1612.08242
« code: http://pjreddie.com/yolo9000/
« github(Chainer): https://github.com/leetenki/YOLOv?2
« github(Keras): https://github.com/allanzelener/YAD2K
« github(PyTorch): https://github.com/longcw/yolo2-pytorch
» github(Tensorflow): https://github.com/hizhangp/yolo tensorflow

« Yolo_mark: GUI for marking bounded boxes of objects in images for training Yolo v2
« github: https://github.com/AlexeyAB/Yolo mark



https://arxiv.org/abs/1612.08242
http://pjreddie.com/yolo9000/
https://github.com/leetenki/YOLOv2
https://github.com/allanzelener/YAD2K
https://github.com/longcw/yolo2-pytorch
https://github.com/longcw/yolo2-pytorch
https://github.com/longcw/yolo2-pytorch
https://github.com/hizhangp/yolo_tensorflow
https://github.com/AlexeyAB/Yolo_mark
https://github.com/AlexeyAB/Yolo_mark

YOLO version 1 (CVPR 2016)
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« Divide image into SxS grid

448 « Within each gird cell predict: 7 x 7 x (5 x B + C) tensor
» Direct prediction using a CNN

« 24 layers
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 O|OX] L M| S =0l grid cellof £oIEHE 1 grid cell2 =X S 4

« Grid Cell & B7H2| bounding boxes& otCt (W™ vIQAl= 17l &,

o Celld HEZ2 EHY =E x box2| nX Y HI&
« IOU : intersection over union

Pr(Object)  [OU™S

’Pfd‘ d person

Houndmg box

Area of overlap

Score =

Area of union
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« VIO A= 7x7x(20 class + 4 (x,y,w,h)
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Real-Time Detectors Train mAP FPS
100Hz DPM [30] 2007 16.0 100
30Hz DPM [30] 2007  26.1 30
Fast YOLO 200742012 527 155
YOLO 200742012  63.4 45
Less Than Real-Time

Fastest DPM [37] 2007  30.4 15
R-CNN Minus R [20] 2007  53.5 6
Fast R-CNN [14] 200742012 70.0 0.5
Faster R-CNN VGG-16[27] 2007+2012  73.2 7
Faster R-CNN ZF [ 7/] 200742012 62.1 18
YOLO VGG-16 200742012 664 21

Table 1: Real-Time Systems on PASCAL VOC 2007. Compar-
ing the performance and speed of fast detectors. Fast YOLO is
the fastest detector on record for PASCAL VOC detection and is
still twice as accurate as any other real-time detector. YOLO 1is
10 mAP more accurate than the fast version while still well above

real-time in speed.
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VOC 2012 test mAP| aero bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv

MR_CNN_MORE_DATA[!1]| 739 | 855 829 76.6 57.8 62.7 794 772 86.6 550 79.1 62.2 870 834 847 789 453 734 658 803 740
HyperNet_VGG 714 | 842 785 736 556 537 787 798 877 496 749 521 860 81.7 833 818 486 735 594 799 657
HyperNet_SP 713 | 84.1 783 733 555 536 786 79.6 875 495 749 521 856 8l.6 832 B8le 484 732 593 797 656
Fast R-CNN + YOLO 70.7 | 83.4 785 735 558 434 79.1 73.1 894 494 755 57.0 875 809 810 747 418 715 685 821 67.2
MR_CNN_S_CNN|[!1] 707 | 85.0 79.6 T1.5 553 577 760 739 846 505 743 6177 855 799 B81.7 764 410 69.0 ol1.2 T1.7 721
Faster R-CNN [ 7] 704 | 849 798 743 539 498 775 759 885 456 7T7.1 553 869 81.7 809 796 40.1 726 609 812 615
DEEP_ENS_COCO 70.1 | 84.0 794 716 519 51.1 741 72.1 88.6 483 734 578 86.1 80.0 80.7 704 466 69.6 688 759 714
NoC [25] 68.8 | 828 79.0 T71.6 523 537 741 69.0 849 469 743 531 850 813 795 722 389 724 595 767 68.1
Fast R-CNN [14] 68.4 | 82.3 784 7T70.8 523 387 718 T71.6 893 442 730 550 875 805 80.8 720 351 683 657 804 64.2
UMICH_FGS_STRUCT 66.4 | 829 76.1 o641 446 494 703 71.2 846 427 68.6 558 827 T77.1 799 o687 414 69.0 60.0 72.0 66.2
NUS_NIN_C2000 [7] 63.8 | 80.2 738 61.9 437 430 703 67.6 80.7 419 697 51.7 782 752 769 651 386 683 580 687 633
BabyLearning [ 7] 632 | 78.0 742 613 457 427 682 608 802 406 700 498 790 745 779 o640 353 679 557 687 626
NUS_NIN 6241779 731 626 395 433 69.1 664 789 39.1 68.1 500 772 713 76.1 647 384 669 56.2 669 62.7
R-CNNVGGBB [17] 6241796 7277 619 412 419 659 6064 846 385 672 467 820 748 760 652 356 654 542 674 60.3
R-CNN VGG || 1] 5921768 709 56.6 375 369 629 636 81.1 357 643 439 804 71.6 740 60.0 308 634 520 635 587
YOLO 579 | 77.0 67.2 5777 383 227 683 559 814 362 608 485 772 723 713 635 289 522 548 739 50.8
Feature Edit [ 2] 563 | 746 69.1 544 391 331 652 627 69.7 308 560 446 700 644 7T1.1 602 333 613 464 617 578
R-CNN BB | 7] 533 | 71.8 658 520 341 326 596 60.0 698 276 520 41.7 696 61.3 683 578 206 57.8 409 3593 54.1
SDS [16] 507 | 69.7 584 485 283 288 613 575 708 241 507 359 649 59.1 658 571 260 588 386 589 50.7
R-CNN [ 1] 496 | 68.1 63.8 4o6.1 204 279 56.6 57.0 659 265 487 395 662 573 654 532 262 545 381 50.6 51.6




£t SSD : Single Shot MultiBox Detector (ECCV 2016)
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(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

« Key Idea = Multi-scale Convolutional Bouding Box

* VGG 162 AFERAAX|EF CHE CNNS ALESH T &

« YOLOvl ECtHED 22 SHYME Hd=0| & £ accuracy: £2
« YOLO vl : 45FPS, 63.4 mAP
« Faster R-CNN = 7FPS, 73.2 mAP
« SSD: 58 FPS, 72.1 mAP



£t SSD : Single Shot MultiBox Detector (ECCV 2016)
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£t SSD : Single Shot MultiBox Detector (ECCV 2016)
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Method mAP | FPS | # Boxes
Faster R-CNN [2](VGG16) | 73.2 7 300
Faster R-CNN [2](ZF) 62.1 17 300
YOLO [5] 63.4 | 45 08
Fast YOLO [5] 52.7 | 155 08
SSD300 72.1 58 7308
SSD500 75.1 | 23 20097




YOLO 9000

a state-of-the-art, real-time object detection system that can detect over 9,000 object categories

1. Propose various improvements to the YOLO: YOLO v2
= 67fps: 76.8 mAP on VOC 2007
= 40fps: 78.6 mAP on VOC 2007

2. Propose a method to jointly train on object detection and classification

Train YOLO9000 simultaneously on COCO detection dataset & ImageNet classification dataset
19.7 mAP on ImageNet despite only having detection data for 44 of the 200 classes

16.0 mAP on COCO despite only having detection data for 156 of the 200 classes

9000 different object categories while satisfying real-time speed
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YOLO 9000

Goal : Improving recall and localization while maintaining classification accuracy

1. Better
= Batch normalization
= High resolution classifier
= Convolutional with Anchor boxes
= Dimension clusters
= Direct location prediction
= Fine-grained features
= Multi-scale training
2. Faster
= Darknet-19
= Training for classification
= Training for detection
3. Stronger
= Hierarchical classification
= Dataset combination with Word-tree
= Joint classification and detection



Better — Batch normalization

« Mini-batch normalization: training data ™ M| 0| CisH meand} varianceE ++5t= Z0| OfL|2f,
mini-batch EHR| 2 B 250 Al Al
* 2% improvement in mAP

Better — High resolution classifier

« General classifier: 256 x 256
« Original YOLO classifier: 224 x 224 — detector 448 x 448

« YOLO v2: fine tune the classification network at 448 x 448 for 10 epochs on ImageNet — detector
* 4% improvement in mAP

Better — Convolutional with Anchor Boxes

« Faster R-CNN: predicts bounding boxes using hand-picked priors

« Original YOLO: predicts the coordinates of bounding boxes directly using FC
« YOLO v2

= remove FC and use anchor boxes
shrink network to operate on 416 input images instead of 448

= convolutional layers: down-sample the image by a factor of 32 from 416x416 to 13x13
= Because of anchor boxes, accuracy is slightly decrease
= 98 boxes — 9000 boxes

= 69.5% MAP & recall 81% — 69.2% mAP & recall 88%



Better — Dimension Clusters

« Anchor boxes: box dimensions are hand picked — prior information!
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Box Generation #  Avg IOU
Cluster SSE 5 58.7
Cluster IOU 5 61.0
Anchor Boxes [15] 9 60.9
Cluster IOU 9 67.2



Better — Direct location prediction

« Anchor boxes: model instability because of predicting the (x,y) locations for the box
« General region proposal networks:
T = (ty *w,) — Tq
y=(ty*ha) —ya
For example, a prediction of £, = 1 would shift the box

to the right by the width of the anchor box, a prediction of
t, = —1 would shift it to the left by the same amount.

« YOLO v2: predict location coordinates relative to the location of the grid cell (offset X)
C

X

The network predicts 5 bounding boxes at each cell in ———
the output feature map. The network predicts 5 coordinates P,
for each bounding box, t., ty. tw. tn, and t,. If the cell is C, E """""""" 'E
offset from the top left corner of the image by (c;, ¢, ) and : b, :
. . . . N [ n
the bounding box prior has width and height p.,, pr, then : i "
the predictions correspond to: oilb ]GCty) ; =oCt)+c,
hl h e n by=0(ty>+cy
u n
. ot : b=p,e"
- n L]
by = o(tz) + o : : b,=p,e"
u n
by, = ol(ty) + ¢y : :
.L“: ----------------- L
fl»"u: = Pwt
i Figure 3: Bounding hoxes with dimension priors and location
bh = PhrE " prediction. We predict the width and height of the box as offsets
. s . . \ \ from cluster centroids. We predict the center coordinates of the
P?'[Dbj&ﬂj * 10U “’" ObJBCtJ — JH(}J box relative to the location of filter application using a sigmoid
function.

* 5% improvement in detection



Better — Fine-Grained Features

« Simply add a passthrough layer which brings features from an earlier layer at 26x26 resolution
« 26x26x512 feature map — 13x13x2048 feature map
* 1% improvement

|

weight layer
any two
stacked layers v relu -
Badcome 13N /2
weight layer B I
TN
3a3 comw, 128
e ]
a3 come, 128

* shortcut mapping: h = identity

= after-add mapping: f = RelLU

“extra”
layers

* shortcut mapping: h = identity
: » o Xi41 =X+ F(x) ‘ Xip2 = X41 + F(X141)
« What if f = identity? Xie2 = X+ F(xp) + F(x141)

L-1
XL =X +ZF(xi)
i=l




Better — Multi-scale Training

 Instead of fixing the input image size, change the network every few iterations
« Every 10 batches our network, randomly chooses a new image dimension size {320, 352, ..., 608}

Detection Frameworks Train mAP FPS
Fast R-CNN [5] 200742012 70.0 0.5
Faster R-CNN VGG-16[15] 2007+2012  73.2 7
Faster R-CNN ResNet[6] 200742012 764 5

YOLO [14] 200742012 634 45
SSD300 [11] 200742012 743 46
SSD500 [ 1] 200742012 76.8 19
IYDLOVE 288 x 288 2007+2012 __69.0 91 |
YOLOv2 352 x 352 200742012 73.7 81
IYDLDVQ 416 x 416 200712012 76.8 67
YOLOv2 480 x 480 200742012 T7.8 59

[YOLOV2 514 < 544 2007+2012___78.6___40_|




Faster — Darknet-19

« Most detection frameworks rely on VGG-16 as the base feature extractor (ex. SSD)

= 30.69 billion floating point operations at 224x224

« YOLO: custom network based on the Googlenet (faster than VGG-16)

= 8.52 billion operations
« YOLO v2
= mostly 3x3 filters (similar to VGG)

» Following the work on Network in Network (NIN), use global average pooling to make predictions
as well as 1x1 filters to compress the feature representation between 3x3 convolutions

256-d

64-d

relu

bottleneck
(for ResNet-50/101/152)

1x1x256x64+3x3x64x64+1x1x256x64=69,632

all-3x3 eseii e

3x3x64x64+3x3x64x64=73,728

= Darknet-19: 19 convolutional layers & 5 maxpooling layers
= 5.58 billion operations: 72.9% top-1 & 91.2% top-5 accuracy

Type Filters | Size/Sinide Output
Comvolutional 32 3«3 224 » 224
Maxpool 2x2/2 112 = 112
Comvolutional (it 3= 3 112 »= 112
Maxpool 2x2/2 56 x 56
Comvolutional 128 Jx3 Hh x 56
Comvolutional (it 1=1 56 = 56
Comvolutional 128 3= 3 56 = 56
Maxpool 2x2/2 28 x 28
Comvolutional 256 3= 3 28 = 28
Comvolutional 128 1=1 28 = 28
Comvolutional 256 =3 28 x 28
Maxpool 2x2/2 14 x 14
Comvolutional 512 3= 3 14 = 14
Comvolutional 256 1=1 14 = 14
Convolutional 512 I =3 14 = 14
Comvolutional 236 1x1 14 = 14
Comvolutional 512 3= 3 14 = 14
Maxpool 2x2/2 T=T
Comvolutional 1024 =3 TxT
Convolutional 512 1x1 TxT
Comvolutional 1024 3= 3 TxT
Comvolutional 512 1x1 TxT
Comvolutional 1024 I =3 T®T
Comvolutional 1000 1x1 TxT
Avgpool Global 1000

Softmax




Faster — Training

« Training for classification
= ImangeNet 1000 class for 160 epochs
= Standard data augmentation: random, crops, rotations, and hue, saturation, and exposure shifts
= Initial training: 224x224 — 448x448 fine-tuning

« Training for detection
= For VOC, predict 5 boxes with 5 coordinates each and 20 classes per box, so 125 filters
= 160 epochs with a start learning rate of 10”-3 dividing it by 10 at 60 and 90 epochs



Stronger — Jointly training on classification and detection data

« WordTree: a hierarchical model of visual concepts

Pr(Norfolk terrier|terrier) Pr(Norfolk terrier) = Pr(Norfolk terrier|terrier)

; . : Pr(terrier|hunting dog)
Pr(Yorkshire terrier|terrier) T | g dog)

Pr(Bedlington terrier|terrier) +Pr(mammal| Pr(animal)

+Pr(animal|physical object) COCO
« Using the joint training, YOLO 9000 learns to find objects m{)

in images using the detection data in COCO and it learns  cirios oris beckeckbonme bat - bear - bed - bench Blayele bird - 70 zbre

to classify a wide variety of these objects using data from ImageNet
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Conclusion

YOLO v2 & YOLO 9000

» State-of-the-art real-time detection systems
YOLO9000 is a real-time framework for detection more than 9000 object categories
by jointly optimizing detection and classification using WordTree

PASCAL VOC 2007

YOLO

YOLOv2

hi-res classifier?
convolutional?
anchor boxes?
new network?
dimension priors?
location prediction?
passthrough?

hi-res detector?

batch norm?

multi-scale?
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NN N N NN

PASCAL VOC 2012

VOC2007 mAP

63.4

65.8 69.5 69.2 69.6 744 754

76.8

~1

R SN NE NN

Method data |mAP|aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
Fast R-CNN [5]  |07++12| 68.4 [82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 B80.8 720 35.1 683 657 804 64.2
Faster R-CNN [15]{07++12| 70.4 [84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 55.3 86.9 81.7 809 79.6 40.1 72.6 60.9 81.2 61.5
YOLO [14] 07++12| 57.9|77.0 67.2 57.7 38.3 22.7 68.3 559 81.4 36.2 60.8 48.5 77.2 723 713 635 289 522 54.8 739 50.8
SSD300 [11] 07++12|72.4 |85.6 80.1 70.5 57.6 46.2 79.4 76.1 89.2 53.0 77.0 60.8 87.0 83.1 823 794 459 759 69.5 819 67.5
SSD512[11] 07++12|74.9 |87.4 82.3 75.8 59.0 52.6 81.7 81.5 90.0 55.4 79.0 59.8 88.4 843 847 833 50.2 78.0 66.3 86.3 72.0
ResNet [¢] 07++12|73.8 |86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4 59.0 92.1 85.3 848 B80.7 48.1 77.3 66.5 84.7 65.6
YOLOv2 544 07++12|73.4 |86.3 82.0 74.8 59.2 51.8 79.8 76.5 90.6 52.1 78.2 58.5 89.3 815 834 813 49.1 77.2 62.4 83.8 68.7




