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Founder, MIT Al project
In 1966, Marvin Minsky at MIT asked his undergraduate student
Gerald Jay Sussman to “spend the summer linking a camera to a
computer and getting the computer to describe what it saw”. e
now know that the problem is slightly more difficult than that.

(Szeliski 2009, Computer Vision)
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HASS!

\HEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE. IN A NATIONAL PARK ...

SURE, EASY GIS LOOKUR
GIMME A FEW HOURS.

..« AND CHECK WHETHER
THE PHOTO IS OF A BIRD.

T NEED A RESEARCH

\ TEAM AND FIVE YEARS.
e

IN CS, IT CAN BE HARD TO EXPLAIN

THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.
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Irving Biederman, Recognition-by-Components: A Theory of Human Image
Understanding. Psychological Review, 1987. Google citations: 5309
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The First Eye Template
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Alan L. Yuille, David S. Cohen, Peter W. Hallinan. Feature extraction from
faces using deformable templates, CVPR, 1989. Google citations: 2303
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- Objects as appearance patches
o E.g., a list of pixel intensities
- Learning patterns directly from image features

5
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2 -'

Eigenfaces (Turk & Pentland, CVPR, 1991) Google citations: 5573
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Pedro F. Felzenszwalb, Ross B. Girshick, David A. McAllester, Deva Ramanan, “Object Detection with Discriminatively Trained Part-Based Models,”
TPAMI 2010. Google Citation: 7645
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Pedro F. Felzenszwalb, Ross B. Girshick, David A. McAllester, Deva Ramanan, “Object Detection with Discriminatively Trained Part-Based Models,”
TPAMI 2010. Google Citation: 7645
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Pedro F. Felzenszwalb, Ross B. Girshick, David A. McAllester, Deva Ramanan, “Object Detection with Discriminatively Trained Part-Based Models,”
TPAMI 2010. Google Citation: 7645
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Pedro F. Felzenszwalb, Ross B. Girshick, David A. McAllester, Deva Ramanan, “Object Detection with Discriminatively Trained Part-Based Models,”
TPAMI 2010. Google Citation: 7645
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facebook.
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GoogleNet
NIN (Szegedy et al.) (lezzsel\ial )
(Lin et al.) Faster RCNN g et at.
A (Ren et al.)
RCNN VGGNet Fast RCNN ResNet RFCN Mask RCNN

(Girshick &t al.) (Simonyan and Zisserman)(Girshick) (Dai et al. (He et al.)

2013 2014
\4
DetectorNet MultiBox MSC Multibox YOLO SSD YOLO9000 Focal Loss
(Szegedy et al.) (Erhan et al.) (Szegedy et al.) (Redmon et al.) (Liu et al.) (Redmon and Farhadi) (Lin et al)

SPPNet

(He et al.)
OverFeat

(Sermanet et al.)

Liu, Li, Wanli Ouyang, Xiaogang Wang, Paul Fieguth, Jie Chen, Xinwang Liu, and Matti Pietikainen.
"Deep learning for generic object detection: A survey." arXiv preprint arXiv:1809.02165 (2018).
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VOC 20 classes

Pascal VOC
COCO

ImageNet [LSVRC

ImageNet is an image database organized according to the WordNet hierarchy (currently only the nouns)
in which each node of the hierarchy is depicted by hundreds and thousands of images. Currently we have
A

an average of over five hundred images per node. We hope ImageNet will become a useful resource for

researchers, educators, students and all of you who share our passion for pictures

20185 COCORZEF E R\ B AR \TUE
FHIBZE, H MBYS4ITESE

Currently, we have bounding boxes for over 3000 popular synsets available. For
each synset, there are on average 150 images with bounding boxes. The bounding
boxes are annotated and verified through Amazon Mechanical Turk.

[N —
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(a) Tllumination (b) Deformation (¢) Scale, Viewpoint (d) Size, Pose

(z)lurter Occlusion . (f) Blur ‘ )tin I E 1:/:'_‘ DJ ‘ﬁ'\g {? {':t Hg 'l‘%z;ﬂvxg !

a‘%iitfﬂ b

(h) Different instances of the “chair” category

Liu, Li, Wanli Ouyang, Xiaogang Wang, Paul Fieguth, Jie
Chen, Xinwang Liu, and Matti Pietikdinen. "Deeplearning
for generic object detection: A survey." arXiv preprint
arXiv:1809.02165 (2018).

(i) Small Interclass Variations: four different categories
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relevant elements
T 1

false negatives true negatives

JERfE=ZR (Precision)

BEZE (Recall)

selected elements

How many selected How many relevant
items are relevant? items are selected?

Precision = Recall = —
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“m SERES: BRIEO (Sliding Window)

BoIEl (NEEA, AERIT)

XJF—5K512*512p9E1R, B—1REA50*50rYiEIE N
HiTElh, FEBTILX?




EEEIESS: BtRRiEERE (Object Proposal Generation)

Algorithm 1: Hierarchical Grouping Algorithm
Input: (colour) image
Output: Set of object location hypotheses L

Obtain initial regions R = {ry.---.r,} using [13]
Initialise similarity set S =0
foreach Neighbouring region pair (r;.r;) do

Calculate similarity s(r;,r;) NP AN
s=susn) R AT—HM=

while S # 0 do

Get highest similarity s(r;.r;) = max(S) N BX %%:i
Merge corresponding regions r, = r;Ur; =

Remove similarities regarding r; : S = S\ s(r;.7.) /A;RK#I
Remove similarities regarding r; : S = S\ s(r.,r;)

Calculate similarity set S, between r, and its neighbours

S=85US,

R=RUn

Extract object location boxes L from all regions in R

[SS] Uijlings et al. Selective search for object recognition. IJCV 2013
[MCG] Arbelaez, Pont-Tuset et al. Multiscale combinatorial grouping. CVPR 2014




.. akBUHEHR . MHEASIBHIE (Hard Negative Mining)

Positive Rol Hard Negative Not Used
(loU Overlap = 1.0) (loU Overlap = 0.3) (loU Overlap = 0.0)

X TFIES) |G AR EAE R AN A
Mgz d, STFHEDHNRFRNERIINE,




.. kELES . AERAKEIPE] (Non-Maximum Suppression)

Non-maxima suppression (NMS)

overlap =

area(boxi U boxs)

area(box, Nboxs)

remove
boxo

]

EEEE S =il
ARIRK(ERITTER

IB5igEEoverlapk
T—EBE (BES
0.5) HEBERER



.. akBLHES : BR4EMYF (Bounding Box Regression)

XF H b ik BN B AT R4 (Refine)

Z (f-zD” + [p] o) + o} @2 + [V~ EQ]
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Ny BIMEREIFRNAE: R-CNN

Rich feature hierarchies for accurate object detection and semantic segmentation
Tech report (v5)

Ross Girshick Jeff Donahue Trevor Darrell Jitendra Malik
UC Berkeley

{rbg, jdonahue, trevor, malik}@eecs.berkeley.edu

Abstract

Object detection performance, as measured on the
canonical PASCAL VOC dataset, has plateaued in the last
few years. The best-performing methods are complex en-
semble systems that typically combine multiple low-level
image features with high-level context. In this paper, we
propose a simple and scalable detection algorithm that im-
proves mean average precision (mAP) by more than 30%
relative to the previous best result on VOC 201 2—achieving
a mAP of 53.3%. Our approach combines two key insights:
(1) one can apply high-capacity convolutional neural net-
works (CNNs) to bottom-up region proposals in order to
localize and segment objects and (2) when labeled training
data is scarce, supervised pre-training for an auxiliary task,
followed by domain-specific fine-tuning, yields a significant
performance boost. Since we combine region proposals
with CNNs, we call our method R-CNN: Regions with CNN
features. We also compare R-CNN to OverFeat, a recently
proposed sliding-window detector based on a similar CNN
architecture. We find that R-CNN outperforms OverFeat
by a large margin on the 200-class ILSVRC2013 detection
dataset. Source code for the complete system is available at
http://www.cs.berkeley.edu/~rbg/rcnn.

R-CNN: Regions with CNN features

; l:'( LF

1.Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Figure 1: Object detection system overview. Our system (1)
takes an input image, (2) extracts around 2000 bottom-up region
proposals, (3) computes features for each proposal using a large
convolutional neural network (CNN), and then (4) classifies each
region using class-specific linear SVMs. R-CNN achieves a mean
average precision (mAP) of 53.7% on PASCAL VOC 2010. For
comparison, [39] reports 35.1% mAP using the same region pro-
posals, but with a spatial pyramid and bag-of-visual-words ap-
proach. The popular deformable part models perform at 33.4%.
On the 200-class ILSVRC2013 detection dataset, R-CNN’s
mAP is 31.4%, a large improvement over OverFeat [34], which
had the previous best result at 24.3%.

archical, multi-stage processes for computing features that
are even more informative for visual recognition.
Fukushima’s “neocognitron” [19], a biologically-
inspired hierarchical and shift-invariant model for pattern
recognition, was an early attempt at just such a process.

Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014

http://arxiv.org/abs/1311.2524
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Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014
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Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014
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Bboxreg | SVMs #1537 4E[E]Y3 ( Bounding-
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ConvNet
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Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014
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R-CNN: Regions with CNN features

aeroplane? no.

person? yes.

tvmonitor? no.

2. Extract region 3. Compute 4. Classity
image proposals (~2k) CNN features regions
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1000 classes scores

4096 * 1000
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VOC 2007 test aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mAP
R-CNN pool, 51.8 60.2 36.4 27.8 232 528 60.6 49.2 183 47.8 443 40.8 56.6 58.7 424 234 46.1 36.7 51.3 55.7) 44.2
R-CNN fcg 59.3 61.8 43.1 340 25.1 53.1 60.6 52.8 21.7 47.8 427 478 525 585 446 256 483 340 53.1 58.0§ 46.2
R-CNN fcr 57.6 579 385 31.8 23.7 51.2 589 514 20.0 50.5 409 46.0 51.6 559 433 233 48.1 353 51.0 57.4) 44.7
R-CNN FT pool; [58.2 63.3 379 27.6 26.1 54.1 669 514 26.7 555 434 43.1 57.7 59.0 458 28.1 50.8 40.6 53.1 56.4) 47.3
R-CNN FT fcg 63.5 66.0 479 37.7 299 625 70.2 60.2 32.0 579 47.0 535 60.1 642 522 313 55.0 50.0 57.7 63.0§ 53.1
R-CNN FT fc; 642 69.7 50.0 419 32.0 626 71.0 60.7 32.7 585 46,5 56.1 60.6 668 542 31.5 528 489 579 64.7f 54.2
R-CNN FT fc; BB |68.1 72.8 56.8 43.0 36.8 663 74.2 67.6 344 63.5 545 61.2 69.1 68.6 587 334 629 51.1 625 64.8] 58.5

RCNNTEA#: https://blog.csdn.net/weixin_41923961/article/details/80246244
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(2) SVMALERNEFAHMEILIIE: (RIFARRERIZEK™)

RCNNi£f#: https://blog.csdn.net/weixin_41923961/article/details/80246244
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VOC 2010 test | acro bike bird boat bottle bus car cat chair cow table dog horse mbike person pla
DPM v5 [18] [49.2 53.8 13.1 153 35.5 534 49.7 270 172 288 14.7 17.8 464 512 477 108 43.8 383|334
UVA [34] 562 424 153 12.6 21.8 493 36.8 46.1 129 32.1 30.0 36.5 435 529 329 153 41.1 31.8 47.0 44.8]| 35.1
Regionlets [36] [ 65.0 48.9 259 24.6 245 56.1 545 51.2 17.0 289 30.2 358 40.2 557 435 143 439 326 54.0 459]39.7
SegDPM [16]f |61.4 534 25.6 252 35.5 51.7 50.6 50.8 19.3 338 26.8 404 483 544 47.1 148 387 350 528 43.1|404
R-CNN 67.1 64.1 46.7 32.0 30.5 56.4 57.2 659 27.0 47.3 409 66.6 578 659 53.6 26.7 56.5 38.1 52.8 50.2]50.2
R-CNN BB 71.8 65.8 53.0 36.8 359 59.7 60.0 69.9 27.9 50.6 414 70.0 62.0 69.0 581 295 594 393 61.2 524|537
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Ross B. Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,” CVPR 2014



N FERREREIFRIE: SPP-Net (—MLESE)

Spatial Pyramid Pooling in Deep Convolutional
Networks for Visual Recognition

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun

Abstract—Existing deep convolutional neural networks (CNNs) require a fixed-size (e.g., 224 x224) input image. This require-
ment is “artificial” and may reduce the recognition accuracy for the images or sub-images of an arbitrary size/scale. In this
work, we equip the networks with another pooling strategy, “spatial pyramid pooling”, to eliminate the above requirement. The
new network structure, called SPP-net, can generate a fixed-length representation regardless of image size/scale. Pyramid
pooling is also robust to object deformations. With these advantages, SPP-net should in general improve all CNN-based image
classification methods. On the ImageNet 2012 dataset, we demonstrate that SPP-net boosts the accuracy of a variety of CNN
architectures despite their different designs. On the Pascal VOC 2007 and Caltech101 datasets, SPP-net achieves state-of-the-
art classification results using a single full-image representation and no fine-tuning.

The power of SPP-net is also significant in object detection. Using SPP-net, we compute the feature maps from the entire

q image only once, and then pool features in arbitrary regions (sub-images) to generate fixed-length representations for training

the detectors. This method avoids repeatedly computing the convolutional features. In processing test images, our method is
24-102x faster than the R-CNN method, while achieving better or comparable accuracy on Pascal VOC 2007.

In ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2014, our methods rank #2 in object detection and #3 in
image classification among all 38 teams. This manuscript also introduces the improvement made for this competition.

oo ) = LhE .
ZE 8 & F & Pooling
He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.“, ECCV 2014, PAMI2015

http://arxiv.org/abs/1406.4729

@Kaiming He
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He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.“, ECCV 2014

@Kaiming He



g SPP-Net: #E

fc layers
concatenate
s A N
L} t %
VAR AR AR AR 4
yA4 /\/ / ,
e spatial pyramid pooling layer

f conv layers

input image

B OTHRE
m ZREIS
m SZREM
m S ERER
B 2% Pooling
m ST EE
B ASESIRIE
B XJRegioni#{TPooling

He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.“, ECCV 2014

@Kaiming He



SPP-Net: RCNN vs. SPP

m BEgXE vs. 15X

feature

feature

feature
feature

feature

R-CNN SPP-net
2000 nets on image regions 1 net on full image

He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.“, ECCV 2014

@Kaiming He
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mAP
NUS 37.2
ours, multi SPP-nets 35.1 SPP-net RCNN
UvA 32.0 , ,
GPU time /img 0.6s 32s

ours, 1 SPP-net 31.8

Southeast-CASIA 30.4 40k test imgs 8 hours 15 days

1-HKUST 28.8 cost of a single model

CASIA_CRIPAC_2 28.6

“provided data” track

ILSVRC 2014 DET Results

NEMKIBD AZNER! SREDL: RIERLE +)

. SVM +i)|

Zx[a]385

He, Kaiming, Xiangyu Zhang, Shaoging Ren, and Jian Sun. “Spatial pyramid pooling in deep convolutional networks for visual recognition.“, ECCV 2014

@Kaiming He
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Fast R-CNN

Ross Girshick
Microsoft Research

rbg@microsoft.com

Abstract

This paper proposes a Fast Region-based Convolutional
Network method (Fast R-CNN) for object detection. Fast
R-CNN builds on previous work to efficiently classify ob-
Ject proposals using deep convolutional networks. Com-
pared to previous work, Fast R-CNN employs several in-
novations to improve training and testing speed while also
increasing detection accuracy. Fast R-CNN trains the very
deep VGG16 network 9x faster than R-CNN, is 213 X faster
at test-time, and achieves a higher mAP on PASCAL VOC
2012. Compared to SPPnet, Fast R-CNN trains VGG16 3 %
faster, tests 10x faster, and is more accurate. Fast R-CNN
is implemented in Python and C++ (using Caffe) and is
available under the open-source MIT License at ht tps :
//github.com/rbgirshick/fast-rcnn.

while achieving top accuracy on PASCAL VOC 2012 [7]
with a mAP of 66% (vs. 62% for R-CNN).!

1.1. R-CNN and SPPnet

The Region-based Convolutional Network method (R-
CNN) [Y] achieves excellent object detection accuracy by
using a deep ConvNet to classify object proposals. R-CNN,
however, has notable drawbacks:

1. Training is a multi-stage pipeline. R-CNN first fine-
tunes a ConvNet on object proposals using log loss.
Then, it fits SVMs to ConvNet features. These SVMs
act as object detectors, replacing the softmax classi-
fier learnt by fine-tuning. In the third training stage,
bounding-box regressors are learned.

2. Training is expensive in space and time. For SVM

~

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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ConvNet

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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o

ConvNet

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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CNN features regions

\ 1 Image Warp->Feature Warp

dputs: bbox
FC

softmax ne%sor 2SVM+ Reg ressor->Multitask

1. Input 2. Extract region
image  proposals (~2k)

? .................... !iﬁﬁiﬂﬁﬁﬂﬂﬁl

Deep

ROI* FC
pooling
layer

Loss(SoftMax+Regressor)

0 DA

Rol feature

feature map VeCtOr L. cach ol /

Ross B. Girshick, “Fast R-CNN,” ICCV 2015



.. Fast R-CNN: ROI Pooling

VGG-16

.
fc 4096

«© ®© [{e] ©o (o] o N o~ o N o~
3 |3 & e al (&[] n b B h| b |B @
sl IS ELIEIS el IBLIEIS eI EL 2 IS IELIELIE|S.IS
<] o s* o 6 "¢ o o™ olrs™ o <) ers?artiart ol b
° SR VR R L)
Rol Pooling 0 @ BEE BEE gae
Conv feature map § RO|
pooling
layer
- 91 ) 0 OO IC laye
FIgL m'm?«"(’f
Region of Interest (Rol) fomSauning

ROI Poolingt2—/\M&BSPP Pooling, REES—/TEERK

-

Rol in Conv feature map : 21x14 = 3x2 max pooling with stride(3, 2) = output : 7x7
Rol in Conv feature map : 35x42 = 5x6 max pooling with stride(5, 6) = output : 7x7

Ross B. Girshick, “Fast R-CNN,” ICCV 2015

fc 4096
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1. I N—3KE FF1—#bounding boxes(HSSF=4E);

2. FFEBTUSEE

3. 3FE—box, @IROI PoolingEER—MEKIFIIME

4.4 (1) K+13S5EER,  (2) BIENE

G E RN ISTELAEMESIRIGEFAI], WIS EER BTR

4 LO§S fUDCth Lo (t™, 9) = Z smoothy, (£} — v;),

‘‘‘‘‘ i ie{x,y,w,h}

‘ Predicted box coordinates

L(p,w,t%w) = Lgs(p,w) Al 2 1] Ljpc (1%, v)
I 3 t 4 {0..-3.r2 if |2| < 1
True class R Smooth SanOthl (‘l.) —

in which

L1loss lz| — 0.5 otherwise,

L., (pu)=-logp,

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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el BERE

method train set | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn

SPPnet BB [ 1 1] 07 \ diff [ 73.9 723 62.5 51.5 444 744 730 744 423 736 577 703 746 743 542 340 X

R-CNN BB [10] |07 73.4 77.0 634 454 44.6 75.1 78.1 79.8 405 73.7 622 794 781 73.1 642 356 668 672 704 71.1| 66.0
FRCN [ours] 07 74.5 783 69.2 532 36.6 773 782 82.0 40.7 727 679 796 79.2 73.0 69.0 30.1 654 702 75.8 65.8| 66.9
FRCN [ours] 07 \ diff | 74.6 79.0 68.6 57.0 393 79.5 78.6 81.9 48.0 740 674 80.5 80.7 741 69.6 31.8 67.1 684 753 65.5| 68.1
FRCN [ours] 07+12 |77.0 78.1 69.3 59.4 383 81.6 78.6 86.7 42.8 788 689 84.7 820 76.6 69.9 31.8 70.1 748 804 704 | 70.0

Fast R-CNN R-CNN SPPnet
S M Ll S M L L
train time (h) 1.2 20 95] 22 28 84 25
train speedup | 18.3x 14.0x 88x | Ix 1x 1x| 34x
testrate (s/im)| 0.10 0.15 0.32] 9.8 12.1 47.0 23
> with SVD 0.06 0.08 0.22 - - - -
test speedup 98x  80x 146x | Ix 1x 1Ix 20x
> with SVD | 169x 150x 213x - - - -
VOCO07 mAP 57.1 592 66.9]58.5 60.2 66.0| 63.1
> with SVD 56.5 58.7 66.6 - - - -

B FEARRE

> Region proposalsZ@ISSIEIRY, FE—EEE LIRH 7HRE

Ross B. Girshick, “Fast R-CNN,” ICCV 2015
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Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks

Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun

Abstract—State-of-the-art object detection networks depend on region proposal algorithms to hypothesize object locations.
Advances like SPPnet [1] and Fast R-CNN [2] have reduced the running time of these detection networks, exposing region
proposal computation as a bottleneck. In this work, we introduce a Region Proposal Network (RPN) that shares full-image
convolutional features with the detection network, thus enabling nearly cost-free region proposals. An RPN is a fully convolutional
network that simultaneously predicts object bounds and objectness scores at each position. The RPN is trained end-to-end to
generate high-quality region proposals, which are used by Fast R-CNN for detection. We further merge RPN and Fast R-CNN
into a single network by sharing their convolutional features—using the recently popular terminology of neural networks with
“attention” mechanisms, the RPN component tells the unified network where to look. For the very deep VGG-16 model [3],
our detection system has a frame rate of 5fps (including all steps) on a GPU, while achieving state-of-the-art object detection
accuracy on PASCAL VOC 2007, 2012, and MS COCO datasets with only 300 proposals per image. In ILSVRC and COCO
2015 competitions, Faster R-CNN and RPN are the foundations of the 1st-place winning entries in several tracks. Code has been
made publicly available.

Index Terms—Object Detection, Region Proposal, Convolutional Neural Network.

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015,

A https://arxiv.org/pdf/1506.01497.pdf
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region proposal
network
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Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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K anchor boxes

RPN
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network
Not SS!

sliding widow

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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Multi-task loss

RPN 8 LTI - v ot e

region proposal
network
FIH] ConvNett) S5 i 1 v Fa 4548

ConvNet

WA

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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classifier

” 1 EEE— T ERERERA—
Rol pooling

Region Proposal Network (RPN) ;

iy > RONFIT B KB, TE‘%E‘

Region Proposal Nemm;k” BN 24 X a0k ;
feature maps
3.7ERPNZJ5, {&Fast RCNNH—#E

. {$£FAROI Poolingflf%eum 888

conv layers / . 0 Ua %%
4 -

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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classify regress Z_ '/ﬂ-E = I_1Eﬁﬁ_/|\/.]\ﬁl\]i%£j] Q [] p
obj./not-obj. box locations

scores coordinates 2. FE—INIMBLA (1) 2EBTrR
1 x 1 conv \ , 1 x 1 conv JAEBFR; (2) [B ISpALY E

R I PO Ve S RO B R T R
ZE{.LEIJ%":?{:UL:\ '

\,Qg S d(k 4 0 FHER|SRIEENE NS Z(E

BT ERENEMER.

3 x 3 conv

convolutional feature map

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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Bounding Box Regression

Objectness scores I

i k anchor b
(object/no object) 2k scores } [ 4k coordinates ‘ <dim anchor boxes

cls layer \ t reg layer

| 256-d |

intermediate layer

\\

sliding window

conv feature map

In practice, k = 9 (3 different scales and 3 aspect ratios)

1. ERkMERIE (anchor boxes) , XEHRIEEFBATH (EEBEME
Q-ERHERE])

2. ERSE St M IE SRS
3. SREPNEMESIE (EITEH) SURRIETAEM



.. Faster R-CNN: Anchor Boxes

kanchorboxes w 3FPRE (128*128,256*256, 512*512) , =Fh¢\FEEL
(2:1,1:2,1:1) , F=&E99anchors;

» —PNEERESTRC I IERFEARIRFP &G
s X MERIERSground-truth boxBEEREE
Z = (I0U) m9;

n XM EESground-truth box&&ZATF0.7

s NR—PMEAESEERground-truth boxesfIEEZFRA
X F0.3, BBAX M HRIERIRC HER;

a Jllich, TE— batch R, TERESIERILLBIEITES0%




.. Faster R-CNN: RPN Loss Function

I$8 RAEMIni-batchFRYZRS| Ground truth objectness label Smooth
Log loss ‘ L1 loss

. ZLcls(piap;‘)‘i‘ ] Zp:qu(ti,t:).

L({p:}, {t} Now 2 Nreg 2 R

\ True box coordinates
ﬁlﬁl)\]ﬂ'ﬁ‘[ua (bounding box regression) \

\
JIgrgiEF, MRENT0, RLLF
193 2F0E3™ M oss

HmIEY
NN RS

Nas: — MR (mini-batch) F#REE (anchor) |, 29792564

Nieg: — MR (mini-batch) = (anchor) fIE#&E, £9/92400
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classifier

Rolpooling

proposals

Region Proposal Network g from any algorithm

feature map feature map

CNN A <— * e ‘ f = : P> CNN B g
4 / 4 I

—rro . 7 — =7 R /l__

e IR

CNN A + RPN CNN B + detector

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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# Let MO be an ImageNet pre-trained network

1.

2

train_rpn(MO) » M1 # Train an RPN initialized from M@, get M1
generate_proposals(M1) » P1 # Generate training proposals P1 using RPN M1
train_fast_rcnn(MO, P1) - M2 # Train Fast R-CNN M2 on P1 initialized from M@
train_rpn_frozen_conv(M2) » M3 # Train RPN M3 from M2 without changing conv layers
generate proposals(M3) » P2

train_fast_rcnn_frozen _conv(M3, P2) » M4 # Conv layers are shared with RPN M3

return add_rpn_layers(M4, M3.RPN) # Add M3’s RPN layers to Fast R-CNN M4

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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R-CNN Fast R-CNN Faster R-CNN

Test time per 50 seconds 2 seconds 0.2 seconds /
image

(with proposals)
(Speedup) X 25x |250x
mAP (VOC 2007)  66.0 66.9 66.9

m 3 ZIHBIALLE, ]
ILFAEEI T — MR
> SRFEIRPN3Ryproposal, WMgEELEEr o IER T

. ARG

] >t

DOkk

> RPNS#@IMEHESTH

{832 BE SN SE A48 )

Shaoging Ren, Kaiming He, Ross B. Girshick, Jian Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” NIPS 2015
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Feature Pyramid Networks for Object Detection

Tsung-Yi Lin'2, Piotr Doll4r', Ross Girshick!,
Kaiming He', Bharath Hariharan', and Serge Belongie?

'Facebook Al Research (FAIR)
2Cornell University and Cornell Tech

Abstract

Feature pyramids are a basic component in recognition
systems for detecting objects at different scales. But recent
deep learning object detectors have avoided pyramid rep-
resentations, in part because they are compute and memory
intensive. In this paper, we exploit the inherent multi-scale,
pyramidal hierarchy of deep convolutional networks to con-
struct feature pyramids with marginal extra cost. A top-
down architecture with lateral connections is developed for
building high-level semantic feature maps at all scales. This
architecture, called a Feature Pyramid Network (FPN),
shows significant improvement as a generic feature extrac-
tor in several applications. Using FPN in a basic Faster
R-CNN system, our method achieves state-of-the-art single-
model results on the COCO detection benchmark without
bells and whistles, surpassing all existing single-model en-
tries including those from the COCO 2016 challenge win-
ners. In addition, our method can run at 6 FPS on a GPU
and thus is a practical and accurate solution to multi-scale
object detection. Code will be made publicly available.

predict

T

S fpaa)
7 -

(c) Pyramidal feature hierarchy

(d) Feature Pyramid Network

Figure 1. (a) Using an image pyramid to build a feature pyramid.
Features are computed on each of the image scales independently,
which is slow. (b) Recent detection systems have opted to use
only single scale features for faster detection. (c) An alternative is
to reuse the pyramidal feature hierarchy computed by a ConvNet
as if it were a featurized image pyramid. (d) Our proposed Feature
Pyramid Network (FPN) is fast like (b) and (c), but more accurate.
In this figure, feature maps are indicate by blue outlines and thicker
outlines denote semantically stronger features.

Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for

Obiject Detection."” CVPR 2017.

https://arxiv.org/abs/1612.03144



https://arxiv.org/abs/1612.03144

R FMEREIRNAE: FPN

B NFIEERL A

/> lpredd

C 1 BEERREEERE,
(O Single [eiema 5 {EAAMTRD PR

£

predict

>

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network

Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for
Obiject Detection.” CVPR 2017.
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Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for
Obiject Detection.” CVPR 2017.
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Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for
Obiject Detection.” CVPR 2017.
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Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for
Obiject Detection.” CVPR 2017.
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m SRNEER

Fast R-CNN proposals feature | head | lateral? top-dow '« AP, AP,
(a) baseline on conv4 RPN, { P} Cy convy 54.7 319 [ 157 36.5 455
(b) baseline on conv3 RPN {P.} Cx 2fc 52.9 288 | 11.9 324 434
I (c) FPN RPN, { P} | {Px} 2fc v v 56.9 339 (178 37.7 458 I

Ablation experiments follow:

(d) bottom-up pyramid RPN, {P.} | {P:} | 2fc v 449 1249109 244 385
(e) top-down pyramid, w/o lateral RPN, {Pr} | {Px} 2fc v 54.0 313 (133 352 453
(f) only finest level RPN, { P} Py 2fc v v 56.3 334|173 373 456

Table 2. Object detection results using Fast R-CNN [ 1 1] on a fixed set of proposals (RPN, { P, }. Table 1(c)), evaluated on the COCO
minival set. Models are trained on the trainval35k set. All results are based on ResNet-50 and share the same hyper-parameters.

Faster R-CNN proposals feature | head | lateral? top-down? [ AP@0.5 [ AP | AP, AP,, AP,
(*) baseline from He er al. | ]'r RPN, C4 Cy convd 473 26.3 - - -
(a) baseline on conv4 RPN, C4 Cy convy 53.1 31.6 | 132 356 47.1
_(b) baseline on convs RPN, Cx Cx 2fc 17 2801 06 310 431
(c) FPN RPN, {P.} | {P} 2fc v v 56.9 339 (178 37.7 458

Table 3. Object detection results using Faster R-CNN [29] evaluated on the COCO minival set. The backbone network for RPN are
consistent with Fast R-CNN. Models are trained on the trainval35k set and use ResNet-50. "Provided by authors of [16].

m SEH
> =EEMlow resolution, strong semantic infofFiE5i%ZERIhigh
resolution, weak semantic infoBAPES

> REINTSHEONTE, RESFsingle scaleflyRIAHIN

> BFERIEZE, tBEJLAfEOne-staget@illyTikp{sEFg

Lin, Tsung-Yi, Piotr Doll&, Ross B. Girshick, Kaiming He, Bharath Hariharan, and Serge J. Belongie. "Feature Pyramid Networks for
Obiject Detection.” CVPR 2017.
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R-FCN: Object Detection via
Region-based Fully Convolutional Networks

Jifeng Dai Yi Li* Kaiming He Jian Sun
Microsoft Research Tsinghua University Microsoft Research Microsoft Research

Abstract

We present region-based, fully convolutional networks for accurate and efficient
object detection. In contrast to previous region-based detectors such as Fast/Faster
R-CNN [7, 19] that apply a costly per-region subnetwork hundreds of times, our
region-based detector is fully convolutional with almost all computation shared on
the entire image. To achieve this goal, we propose position-sensitive score maps
to address a dilemma between translation-invariance in image classification and
translation-variance in object detection. Our method can thus naturally adopt fully
convolutional image classifier backbones, such as the latest Residual Networks
(ResNets) [10], for object detection. We show competitive results on the PASCAL
VOC datasets (e.g., 83.6% mAP on the 2007 set) with the 101-layer ResNet.
Meanwhile, our result is achieved at a test-time speed of 170ms per image, 2.5-20x
faster than the Faster R-CNN counterpart. Code is made publicly available at:
https://github.com/daijifeng001/r-fcn.

Dai, Jifeng, Yi Li, Kaiming He, and Jian Sun. "R-fcn: Object detection via region-based fully convolutional networks.” NIPS 2016.

http://arxiv. org/abs/1605. 06409
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Liu, Li, Wanli Ouyang, Xiaogang Wang, Paul Fieguth, Jie Chen, Xinwang Liu, and Matti Pietikdinen. "Deep Iearning for generic

object detection: A survey." arXiv preprint arXiv:1809.02165 (2018).
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You Only Look Once:
Unified, Real-Time Object Detection

Joseph Redmon*, Santosh Divvala*', Ross Girshick, Ali Farhadi*!
University of Washington®, Allen Institute for AI", Facebook AI Research¥

http://pjreddie.com/yolo/

Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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Meta-Review

This paper proposes a new object detection algorithm with Deep CNNGs.
Summary review -- [this 1s where you explain the final decision to the authors]
The paper got mixed reviews. Some reviewers liked the paper, some voted for
rejection, which made this manuscript a borderline paper.

Since two of the long reviews raised some important concerns about the paper.
and this year we got many very good submissions, therefore I cannot recommend
this paper for publication at NIPS.

The reviewers, however, agreed that this 1s an interesting research direction, and I
do encourage the authors to continue this work. The reviewers' suggestions might
help improve the revised version of this paper.

--Rejected by NIPS2015

Finally this paper has been accepted by CVPR 2016
source code: http://pjreddie.com/darknet/yolo/
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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15t - 20th Channels: Last 4 Channels:
Class probabilities Box coordinates
Pr(Airplane), Pr(Bike)... x,y,wh

Train The Network

Divide The Image

Resize The Image
Into @ 7 x 7 grid. Assign detections to To predict this grid of class probabilities

And bounding boxes to 448 x 448.
and bounding box coordinates.

grid cells based on their centers.

It divides the image into an even grid and simultaneously predicts bounding boxes,
confidence in those boxes, and class probabilities. These predictions are encoded as

an S xS x(B 5 + C) tensor.(7x7x30 in this paper)
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Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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15t - 20th Channels: Lazt 4 Channels:
Class probabilities Box coordinates
Pr(Airplane), Pr(Bike)... x,y,wh

Train The Network
To predict this grid of class probabilities

and bounding box coordinates.

Divide The Image

Reszize The Image
And bounding boxes to 448 x 448. Into a 7 x 7 grid. Assign detections to
grid cells based on their centers.

It divides the image into an even grid and simultaneously predicts bounding boxes,
confidence in those boxes, and class probabilities. These predictions are encoded as

an S xS x(B #5 + C) tensor.(7x7x30 in this paper)

1.8 MZFLN B MAFEFIX MNMAFERARIHE (Objectness) ;| B{ARY
, BMOFHESTRUHSME: xy,w,hFIEEEPr(Object)*|OU(truth&pred)

2. GAIETRUC R IHEPr (Class|Object)

Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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15t - 20th Channels: Last 4 Channels:
Class probabilities Box coordinates
Pr(Airplane), Pr(Bike)... x,y,wh

Train The Network
To predict this grid of class probabilities
and bounding box coordinates.

Reszize The Image Divide The Image
Into a 7 x 7 grid. Assign detections to

And bounding boxes to 448 x 448.
grid cells based on their centers.

It divides the image into an even grid and simultaneously predicts bounding boxes,
confidence in those boxes, and class probabilities. These predictions are encoded as

an S xS x(B 5 + C) tensor.(7x7x30 in this paper)

3 ENLRER, TS MEUERSEL:
truth (1)

Pr(Class; |Object) * Pr(Object) * IOUg;’gg = Pr(Class; ) * IOUpred

Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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Figure 3: The Architecture. Our detection network has 24 convolutional layers followed by 2 fully connected layers. Alternating 1 x 1
convolutional layers reduce the features space from preceding layers. We pretrain the convolutional layers on the ImageNet classification
task at half the resolution (224 x 224 input image) and then double the resolution for detection.

Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, Ali Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” CVPR 2016
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SSD: Single Shot MultiBox Detector
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" SSD: MEEK

Training objective:

Similar to MultiBox but handles multiple categories.

1
L(x,c,l,g) — N(Lconf(xy C) + aLlOC($7 l).g))

L ' J T L ; )
confidence loss localization loss
N: number of default matched BBs softmax loss Smooth L1 loss
x: is 1 if the default box is matched to a
determined ground truth box, and O _
otherwise is 1 by
I: predicted bb parameters cross-validation
g: ground truth bb parameters
c: class

Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott E. Reed, Cheng-Yang Fu, Alexander C. Berg, “SSD: Single Shot MultiBox Detector,” ECCV 2016
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Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott E. Reed, Cheng-Yang Fu, Alexander C. Berg, “SSD: Single Shot MultiBox Detector,” ECCV 2016
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determined ground truth box, and O
otherwise

I: predicted bb parameters

g: ground truth bb parameters

c: class
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Faster R-CNN (VGG16) | 73.2 ) 1 ~ 6000 | ~ 1000 x 600
Fast YOLO 527 | 155 1 98 448 x 448
YOLO (VGG16) 66.4 | 21 1 98 448 x 448
SSD300 743 | 46 1 8732 300 x 300
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SSD300 743 | 59 8 8732 300 x 300
SSD512 76.8 | 22 8 24564 512 x 512
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Focal Loss for Dense Object Detection

Tsung-Yi Lin  Priya Goyal

Ross Girshick  Kaiming He

Piotr Dollar

Facebook AI Research (FAIR)

CE(p) = —log(p) —y
FL(p) = —(1 — )" log(p1) ”:i 1

well-classified
examples

0 0.2 0.4 0.6 0.8 1
probability of ground truth class

Figure 1. We propose a novel loss we term the Focal Loss that
adds a factor (1 — p)” to the standard cross entropy criterion.
Setting v > 0 reduces the relative loss for well-classified examples
(p > .5), putting more focus on hard, misclassified examples. As
our experiments will demonstrate, the proposed focal loss enables
training highly accurate dense object detectors in the presence of
vast numbers of easy background examples.

Abstract

Lin, Tsung-Yi, Priyal Goyal, Ross Girshick, Kaiming He, and Piotr Doll&. "Focal loss for dense object detection." ICCV2017, Best Student Paper.
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Figure 2. Speed (ms) versus accuracy (AP) on COCO test-dev.
Enabled by the focal loss, our simple one-stage RetinaNet detec-
tor outperforms all previous one-stage and two-stage detectors, in-
cluding the best reported Faster R-CNN [28] system from [20].
We show variants of RetinaNet with ResNet-50-FPN (blue circles)
and ResNet-101-FPN (orange diamonds) at five scales (400-800
pixels). Ignoring the low-accuracy regime (AP<25), RetinaNet
forms an upper envelope of all current detectors, and an improved
variant (not shown) achieves 40.8 AP. Details are given in §5.
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Figure 1. We propose a novel loss we term the Focal Loss that
adds a factor (1 — p)” to the standard cross entropy criterion.
Setting v > 0 reduces the relative loss for well-classified examples
(pc > .5), putting more focus on hard, misclassified examples. As
our experiments will demonstrate, the proposed focal loss enables
training highly accurate dense object detectors in the presence of
vast numbers of easy background examples.
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Figure 3. The one-stage RetinaNet network architecture uses a Feature Pyramid Network (FPN) [20] backbone on top of a feedforward
ResNet architecture [16] (a) to generate a rich, multi-scale convolutional feature pyramid (b). To this backbone RetinaNet attaches two
subnetworks, one for classifying anchor boxes (c¢) and one for regressing from anchor boxes to ground-truth object boxes (d). The network
design is intentionally simple, which enables this work to focus on a novel focal loss function that eliminates the accuracy gap between our
one-stage detector and state-of-the-art two-stage detectors like Faster R-CNN with FPN [20] while running at faster speeds.

AINEFRE. AP Anchor Boxes. K4NRH

Lin, Tsung-Yi, Priyal Goyal, Ross Girshick, Kaiming He, and Piotr Doll&. "Focal loss for dense object detection." ICCV2017, Best Student Paper.
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backbone AP APs50 AP75 APg APy APy,
Two-stage methods
Faster R-CNN+++ [16] ResNet-101-C4 34.9 557 374 15.6 38.7 50.9
Faster R-CNN w FPN [20] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
Faster R-CNN by G-RMI [17] | Inception-ResNet-v2 [34] 34.7 5535 36.7 13:5 38.1 52.0
Faster R-CNN w TDM [32] Inception-ResNet-v2-TDM | 36.8 STT 39.2 16.2 39.8 52.1

One-stage methods

YOLOV2 [27] DarkNet-19 [27] 21.6 44.0 19.2 5.0 22.4 35.5
SSD513 (22, 9] ResNet-101-SSD 31.2 50.4 33.3 10.2 34.5 49.8
DSSD513 [9] ResNet-101-DSSD 33.2 53.3 35.2 13.0 354 S1.1
RetinaNet (ours) ResNet-101-FPN 39.1 59.1 42.3 21.8 42.7 50.2
RetinaNet (ours) ResNeXt-101-FPN 40.8 61.1 44.1 24.1 44.2 512

Table 2. Object detection single-model results (bounding box AP), vs. state-of-the-art on COCO test-dev. We show results for our
RetinaNet-101-800 model, trained with scale jitter and for 1.5 longer than the same model from Table le. Our model achieves top results,
outperforming both one-stage and two-stage models. For a detailed breakdown of speed versus accuracy see Table le and Figure 2.
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Lin, Tsung-Yi, Priyal Goyal, Ross Girshick, Kaiming He, and Piotr Doll&. "Focal loss for dense object detection." ICCV2017, Best Student Paper.
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.. Z=%=:. Speed / Accuracy Trade-off

Unified tensorflow architecture

Compare speed, accuracy and memory usage

Speed/Accuracy trade-offs for modern convolutional object detectors
Jonathan Huang, Kevin Murphy et al.
Nov 2016
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.. Z%x%: Accuracy VS. Speed

40
Faster R-CNN w/ResNet, Hi Meta Architecture
S, 58 Fropness @ Faster RCNN @ R-FCN ¢ SSD
- ——— O e T O | Tl (it ==
35 R-FCN w/ O (y O ©
ResNet, Hi Res, ” ~. /
100 Proposals E]
@ . Faster R-CNN w/Inception
. Resnet, Hi Res, 300
a8 g mp :. C% O pr;::.s.suuea
a O
<
2 &}
= 5 F Adie
g o
O ’ N Feature Extractor
20 ’ : O Inception Resnet V2
I & @ Inception V2
7 SSD w/Inception V2, Lo Res @ Inception V3
15 SSD w/MobileNet, Lo Res '®) MobileNet
@® Resnet 101
® VGG
10
0 200 400 600 800 1000

GPU Time



82

ZA 12usay uondaou)

A

Meta Architecture

32

"o =% FEMISTRGE

B

80

€A uondaou)
S
(6]

78

Feature Extractor Accuracy

TOT-39NsSaY

A

r

/

76

ZA uondasu)
AL

4 D )

74

19N3[I0N
9T-99A A}

}\ N
o 0 © ® 0

72

Faster RCNN

@ R-FCN
@ 5SSD

o
~
O < N O 0O VU =«
AN O™ON N NN ™=~ ™~ =~

dvW |[elan0

30
28



=% ARNBERYT

60

50

4

o

3

o

2

o

1

o

o

EE Overall mAP
B mAP (large)
Bl mAP (medium)
E= mAP (small)
Faster Faster Faster Faster Faster
RCNN SSD RCNN R-FCN SSD RCNN R-FCN SSD RCNN R-FCN SSD RCNN R-FCN SSD
VGG MobileNet Inception V2 Resnet 101 Inception Resnet V2

Figure 4: Accuracy stratified by obiect size. meta-architecture and feature extractor. We fix the image resolution to 300.
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OlafenwaMoses/ImageAl

ImageAl - A python library built to empower developers to build applications
and systems with self-contained Computer...

github.com

https://towardsdatascience.com/object-detection-with-10-lines-of-code-d6cb4d86f606



imageai.Detection ObjectDetection
os

4 execution_path = os.getcwd()

6 detector = ObjectDetection()
detector.setModelTypeAsRetinaNet ()
8 detector.setModelPath( os.path.join(execution_path , "resnet50_coco_best_v2.0.1.h5"))
9 detector.loadModel()
10 detections = detector.detectObjectsFromImage(input_image-os.path.join(execution_path , "image.jpg"), output_image_path-os.path.join(

eachObject detections:
print(eachObject["name”] , " : " , eachObject["percentage probability"] )

1. & _E& % python

2. A ImageAl & EiKkiEhzE
3. T EREMEES S

4. =276 (RB117)

OLAFENWA

https://towardsdatascience.com/object-detection-with-10-lines-of-code-d6cb4d86f606
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filter #183 - filter #289

key frame feature maps

filter #183 ' filter #289

current frame current frame feature maps

4 -
filter #183 filter #289

~

T T

flow field propagated feature maps

-+ / >
RFAIE AL s !
Zhu, Xizhou, Yuwen Xiong, Jifeng Dai, Lu Yuan, and Yichen Wei. "Deep feature flow for video recognition.” CVPR2017.

https://arxiv.org/abs/1611.07715
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.. Sach BREM: Deep Feature Flow

current frame result key frame result current frame result

Algorithm 1 Deep feature flow inference algorithm for
video recognition.

input: video frames {I,}

k=0; > initialize key frame

f() == Nfeat (IU)

Yo = Aftask(f())

fori = 1toocodo

if is_key_frame(i) then > key frame scheduler

k=% > update the key frame
o= Nyear(Ti)
Yk = Niask(fr)

10: else > use feature flow

11: £= WL, F(5, 1), 8T, Ii)) > propagation

12: Yi = Niask(fi)

W N -

b R AT ol

current frame key frame current frame 13:  end if
14: end for
(a) per-frame network (b) deep feature flow (DFF) network i5: output: recognition results {y;}

A e E B e PR ALk !

Zhu, Xizhou, Yuwen Xiong, Jifeng Dai, Lu Yuan, and Yichen Wei. "Deep feature flow for video recognition.” CVPR2017.



Deep Feature Flow: &R

?? T T T T T T T T T T
: : : #  ResNet-101 Frame
76 —&— ResNet-101 + FlowNet
: : . | =@ ResNet-101 + FlowNet Half
IS ] e RipsNet—101 + FlowNet Inception
: : #*  ResNet-50 Frame
FAE o Lo | e——RgcMet=50 + FlowNet
: : . | = ResNet—50 + FlowNet Half
23k o e _ | == Reshlet-50 + FlowNet Inception
§ ?2 T, .. e
&
TNt
Jor
69 |
68
67
66 . .
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runtime speed (fps)
72 T T T T T T T T T
71}F #  ResNet=101 Frame
=—8— ResNet-101 + FlowNet
70k | —®— ResNet-101 + FlowNet Half
e R2sMet—101 + FlowMet Inception
#  ResMet-50 Frame
69~ —e— ResNet-50 + FlowNet
=@ ResMet-50 + FlowNet Half
[51:] o || =t ResMet-50 + FlowMNet Inception
2
= 67
=] . . b
E : : :
65 T . R A N YL
63
62 i i i i i i i i i
0 2 4 6 8 10 12 14 16 18
runtime speed (fps)
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Zhu, Xizhou, Yuwen Xiong, Jifeng Dai, Lu Yuan, and Yichen Wei. "Deep feature flow for video recognition.” CVPR2017.



A BRI : Flow-guided Feature Aggregation

Algorithm 1 Inference algorithm of flow guided feature ag-
gregation for video object detection.

Nt

1: input: video frames {/; }, aggregation range K
flter #1380 — : 2: fork=1to K + 1do t> initialize feature buffer
aggregated feat S etection result
aggregaled leature maps ? 3: fﬁ — _,'\."‘I-E:Eﬂ {Jk]
: 4: end for
aggregation . ) )
feature 7' feature 5: fori =1 to oo do &> reference frame
warping warping 6: for j =max(l,i — K)toi+ K do > nearby frames
7: fisi =WI(f;, F(li, I;)) > flow-guided warp
8: fisi ff = E(fj—i, fi) ©compute embedding features
£5 St : :
5 AP - JR— —+ L - " . v
Bty e A 9: Wi = exp(—-’—J.j:_Hl 7o ) > compute aggregation weight
10:  end for
3 i+ K :
1n: fi=31 i W vifi—i > aggregate features
12: yi = Naer(fi) - detect on the reference frame
filter #1380 13: firk+1 = Nieat (Liv k1) > update feature buffer
14: end for

15: output: detection results {y; }

,
b - R—

RESHEIBIAHIE, ER T BFnMall- s ERTiE

Zhu, Xizhou, Yujie Wang, Jifeng Dai, Lu Yuan, and Yichen Wei. "Flow-guided feature aggregation for video object detection." ICCV 2017.

https://arxiv.org/abs/1703.10025
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.. Flow-guided Feature Aggregation: ¥ER

Nfeat ResNet-50 ResNet-101
methods (a) (b) (c) (d) (e) (a) (b) (c) (d) (e)
multi-frame feature aggregation? v v v v v v v v
adaptive weights? v v v v v v
flow-guided? v v v v
end-to-end training? v v v v v v
mAP (%) 70.6 [ 69.6,10 | T1.8+12 | 74.0+3.4 | 72.1415 | 7T3.4 | 72.0;, 4 | T4.340.0 | 76.312.0 | T4.541.1
mAP (%) (slow) 79.3 | 81.442.1 | 81.512.2 | 82.443.1 | 81.342.0 | 82.4 | 82.3,0.1 | 82.2,0.2 | 83.511.2 | 82.510.1
mAP (%) (medium) 68.6 | T1.4+25 | T1.412.8 | 72.614.0 | T1.512.9 | 7T1.6 | T4.542.9 | 74.613.0 | 75.814.2 | 74.613.0
mAP (%) (fast) 50.1 42.5;7‘5 50.41-0,3 55.074.9 51.211‘1 51.4 44.6“;3 52.370.9 57.613_2 53.211,3
runtime (ms) 203 204 220 647 647 288 288 305 733 733

Table 1. Accuracy and runtime of different methods on ImageNet VID validation, using ResNet-50 and ResNet-101 feature extraction
networks. The relative gains compared to the single-frame baseline (a) are listed in the subscript.

baseline

FGFA

Zhu, Xizhou, Yujie Wang, Jifeng Dai, Lu Yuan, and Yichen Wei. "

o |

Flow-guided feature aggregation for video object detection." ICCV 2017.
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One stage

Yolovl You Only Look Once: Unified, Real-Time Object Detection darknet caffe
Yolov2 YOLO9000:Better, Faster, Stronger tensorflow pytorch caffe

Yolov3 YOLOv3: An Incremental Improvement pytorch keras

SSD SSD: Single Shot MultiBox Detector caffe tensorflow

DSSD DSSD : Deconvolutional Single Shot Detector caffe

RFB-SSD Receptive Field Block Net for Accurate and Fast Object Detection pytorch
RetinaNet Focal Loss for Dense Object Detection caffe tensorflow

RefineDet Single-Shot Refinement Neural Network for Object Detection caffe

Two stage

RCNN Rich feature hierarchies for accurate object detection and semantic segmentation caffe

Fast RCNN Fast RCNN caffe

Faster RCNN Towards Real-Time Object Detection with Region Proposal Networks caffe tensorflow pytorch
Mask RCNN Mask RCNN keras caffe2 tensorflow pytorch

R-FCN R-FCN: Object Detection via Region-based Fully Convolutional Networks caffe tensorflow pytorch
Light Head RCNN Light-Head R-CNN: In Defense of Two-Stage Object Detector tensorflow pytorch
Cascade RCNN Cascade R-CNN: Delving into High Quality Object Detection caffe
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R-CNN R-FCN

Fast R-CNN FPN

Faster R-CNN DSOD

Mask R-CNN RetinaNet

Light-Head R-CNN MegDet

Cascade R-CNN RefineNet

SPP-Net DetNet

YOLO SSOD

YOLOv2 CornerNet

YOLOv3 M2Det

YOLT 3D Object Detection

SSD ZSD (Zero-Shot Object Detection)
DSSD OSD (One-Shot object Detection)
FSSD Weakly Supervised Object Detection
ESSD Softer-NMS

MDSSD 2018

Pelee Other

Fire SSD



e ZNEHIE, BIFRNSEEERES......

R-CNN — OverFeat — MultiBox — SPP-Net — MR-CNN — DeepBox — AttentionNet —

2013.11 ICLR’ 14 CVPR’ 14 ECCV’ 14 1CCV" 15 IcCv 15 ICCV" 15

Fast R-CNN — DeepProposal - RPN — Faster R-CNN — YOLO v1— G-CNN — AZNet —

ICOV" 15 ICOV* 15 NIPS’ 15 NIPS’ 15 CVPR' 16 CVPR' 16 CVPR’ 16

Inside-OutsideNet(ION) — HyperNet — OHEM — CRAFT — MultiPathNet(MPN) — SSD —

CVPR’ 16 CVPR’ 16 CVPR' 16 CVPR’ 16 BMVC’ 16 ECCV’ 16

GBDNet —» CPF — MS-CNN — R-FCN — PVANET — DeeplD-Net— NoC — DSSD—+ TDM —

ECCV’ 16 ECCV' 16 ECCV" 16 NIPS’ 16 NIPSW’ 16 PAMI" 16 TPAMI® 16 Arxiv' 17 CVPR" 17

Feature Pyramid Net(FPN) - YOLO v2 — RON— DCN — DeNet — CoupleNet — RetinaNet —

CVPR' 17 CVPR" 17 CVPR" 17 ICQV 17 IcQv 17 ICCV" 17 Icov' 17

Mask R-CNN— DSOD - SMN — YOLOv3 — SIN — STDN — RefineDet — RFBNet — -

oV 17 ICCV” 17 Iccv 17 Arxiv’ 18 CVPR’ 18 CVPR' 18 CVPR’ 18 ECCV’ 18
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https://www.zhihu.com/question/280703314/answer/564235579
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