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1. Introduction

<  ZAFE B[ (Computer Vision)

- ARl BE0M §EE == H M2lotL, Ofsfioti, Z4ots &ielESE 2[0|

- 25 K= =00 = O|0fX| £,

. |'6'¢
=

Tt ZHH|(Single Object)

O|0)X| &
(Image Classifi catlon)

ojo|x| 25 %

(Image Localization)
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2. Object Detection

< ZHX| EFX[(Object Detection)
- APHO|| "ol HETE AL EXSH=X| Z7H5tH |

—

O
«  APHO| Eelet #HEFETE A0 EXfSHCEE, AL S0 ?/X](Bounding Box)S & 7|

- Deep Leaming for Generic Object Detection: A Survey(2018), Li Liu, Wanli Ouyang, Xiaogang Wang, Paul Fieguth, Jie Chen, Xinwang Liu, Matti Pietikdinen
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2. Object Detection

< ZHX| EFX|(Object Detection) 2{|0|= 2l (Labeling)
Labeling: AFZIOf| CHaH, AFEO oot BiFet slie BFo| /K& X FsF=& 1Y

X|% k& 7|8H0| Object DetectionOll M 20120 QICHD, 0% B 20| 27tet
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2. Object Detection

< ZHX| EFX|(Object Detection) 2{|0|= 2l (Labeling)
Labeling: AFZIO| CH3Y, AFE Ol oot #Fet o2 o] /X E XIFsiF& 1HY

X|% k& 7|8H0| Object DetectionOll M 20120 QICHD, 0% B 20| 27tet
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2. Object Detection

< ZHX| EFX|(Object Detection) 2{|0|= 2l (Labeling)
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2. Object Detection

% Faster R-CNN
« 20154 Neural Information Processing Systems(NeuraI IPS)O| M EEE =

_I_

« ST =F2 Facebook Al Research(FAIR) 1S 0| A &HSH =2
. 20204 18l 7€ 7|=2 2 150342] 21&

Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks

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

Mo

Abstracl—State-of-the-art object detection networks depend on region proposal algorithms to hypothesize object locations.
Advances like SPPnat [1] and Fast R-CMN [2] have reduced the running time of these detection networks, exposing region
proposal compulalion as a bottleneck. In this work, we infroduce a Region Proposal Network (RPM) that shares full-image
comnvolutional features with the detection network, thus enabling nearly cost-free region proposals. An BPN is a fully convalutional
natwork that simultaneously pradicts object bounds and objectness scores al each position. The RPN is trained end-to-end 1o
generata high-quality region proposals, which are used by Fast R-CHNN for detection. We further merge BPN and Fast R-CNN
inte a single network by sharing their convolutional features—using the recently popular terminology of neural networks with
“attention”™ meachaniems, the RPN component talls the unified network where 1o look. For the very deep VGG-16 model [3],
our detection system has a frame rate of Sfps (including alf steps) on a GPU, while achieving state-of-the-art object detection
accuracy on PASCAL YOC 2007, 2012, and MS COCO datasets with only 300 proposals per image. In ILSVRC and COCO
2015 competitions, Faster R-CNMN and RPN ara the foundations of the 1st-place winning entries in several tracks. Code has been
made publicly availabla.

Index Terms—0Object Detection, Region Proposal, Convolutional Meural Metwork.
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2. Object Detection

s Faster R-CNN
. T BEE End-to-End 20| F JIX| REEZ A E|0] QIS
« &= 1: Region Proposal Network(RPN)

« EE 2 (assification and Bounding Box Regression

M7 EX o HY 27|

55 ) Output

Classification

&= 1: Region Proposal Network

Bounding Box
Regression
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2. Object Detection

% Proposal Region @;m}

« ALY 2N 7F =X ttet 39
« 7|0 & Selective Search 22 0|23 &2 0|0O|X| 40{| A Proposal Region F=

« FAERZES S ASHAM SEHCPU AESH |0 EH2 Al 28)

LS 11—

Initial Segmentation After some iterations After more iterations

- Felzenszwalb, P. F, & Huttenlocher, D. P. (2004). Efficient graph-based image segmentation. Intemational jourmal of computer vision, 59(2), 167-181.
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2. Object Detection

< E= 1: Region Proposal Network(RPN)

« RPN 0|83} Selective Search 22 CHA|

«  Feature Map #0{A| Proposal Region2 =

s
Ot
=
Ral
o

Feature Map(10x10x256)
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2. Object Detection

< E= 1: Region Proposal Network(RPN)

«  Feature Map=2 A28l Proposal Region &2 (Anchors)2 40Xt &t
RPN2| Input
(10x10x256)

Feature Map(10x10x256)

Conv 3x3
stride 1
padding 1
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2. Object Detection

< 2= 1: Region Proposal Network(RPN)

«  Feature Map=2 AMHE3H Proposal Region 2 2 T (Anchors)= 4SO X} &t

g3 1

e0c00
g
2
3
g

218 1: Region Proposal Netviork |

B~

. SHEE ALSH I Feature mapOtC 9712 T H - A4

H oH-d

RPN2| Input

(10x10x256)

x{s5[ol3[3]lalal1l7]3
, Y|2|7|2]|6[2]6]5]4]38
wl1l2lolwlzl1]l7[1]1
ﬂ H{2[6]7]10]l6]l2]8]3]s
[ >
com 33 Bounding Box S22 Uil 24| ZX) 28
stride
padding 1 P | 088 [0.12]099]093[091]032]075|086] 0.03]

ConvE 13t Feature map & 1%

Bounding Box £E 1t 9| HE

Conv £2| Feature map
(10x10x256)
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2. Object Detection

Bounding Box

00000

g
:

o

< 2= 1: Region Proposal Network(RPN) s Trm]

«  Feature Map=2 AF&0dl Proposal Region 2 & (Anchors)= /35t 0AF &
. SHEE ALSH I Feature mapOtC 9712 T H - A4

« XA Bounding Box & 7H== 2,3047(= 9 x 256)

RPN2| Input
(10x10x256) ConvE S1I3t Feature map 5 1%
Bounding Box £&. $IX| HE
x| s[o|3[3]afa]l1][7]3
, Y|2|7|2]|6[2]6]5]4]38
wii1|2]ofwo|l7]1[7]1]1
ﬁ Hl2]6[7]10]6]2]8]3]56
LV >
Conv 33 Bounding Box S L Z4H| =) &8
stride 1
padding 1 P [ 0s8[012[099]093]091]032|075] 086 003]

Conv £2| Feature map
(10x10x256)
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2. Object Detection

< 2= 1: Region Proposal Network(RPN)

Intersection over Union(loV)
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2. Object Detection

< E= 1: Region Proposal Network(RPN)

Proposal Region &&= & Proposal Region &5}
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2. Object Detection

< E= 1: Region Proposal Network(RPN)

«  Proposal Region 2 & Proposal Region &&= HHH

AlH| 2Hoj| it Bounding Box
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2. Object Detection

< E= 1: Region Proposal Network(RPN)

«  Proposal Region 2 & Proposal Region &&= HHH

. U7 MXIE Proposal Region2 2 X| ™

AlH| 2Hoj| it Bounding Box
Ground truth
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2. Object Detection

% 2= 1: Region Proposal Network(RPN)

.0
« RPN A sk
K| =X of 20| gret =41 ot

Py 2§2
o st
®  Bounding Box
©  Regression
@
95 1: Region Proposal Network |
HM7t Exfgoret o X|of 2Het &4 ek

L(pil tl) — N

cls

2 Lois(p;, p;)
[

_|_

Z D; Lreg (ti, t;)
[

reg

i mini-batch Ll BB 8 S22 7 Anchor) 2/ Index

pi: Anchor7} AFEO] Zolst K| 01| o] 0% 3t

AP0 2 ot KRN B - py=1

—_

N, : Batch size L} BB 2 A = 2 7 (Anchor) i1

pi=19 ZS0| T2t FIe

t: RPN 0|83} 0
+ 1|9} 0]

t;: AR BBS| (X, V) HE + L2} 0]

St Proposal region2| (X, Y) Xt

Nyeg : mini-batch L BB 22 3 &3 (Anchor)©)
XY) ZHH2} HH| 2t =0[2| & 7%=
A °81et HEE0M= 1022 A7)
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2. Object Detection

< 2= 2: Classification + Bounding Box Regression

Rol(Region of Interest) pooling : Max Pooling} Akt
- MEZ CHE 37|9| Proposal regiona & Yot 27| 2 HASHY| 2|gt

071 [ 099 | 074 | 093 | 094 | 083 | 082 | 008 | 084 | 075 0O: Proposal region 3 i1t

082 | 041 | 061 | 057 | 032 | 056 | 076 | 090 | 013 | 074 O: Rol pooling0il A&

041 |1 083 088 | 044 | 014 [ 016 [ 037 | 077 | 096 | 029

088 | 044 | 014 | 016 | 037 | 077 | 096
043 |1 021§ 019 | 045 | 057 | 016 | 063 | 029 [ 071 | 04

0191 045 ] 057 | 016 | 063 | 029 | O.71
059 | 004 066 | 026 | 082 | 064 | 054 | 073 | 059 | 073

066 | 026 | 082 | 064 | 054 [ 073 [ 059
092 | 066 085 034 | 076 [ 084 [ 029 | 075 | 062 | 080

0851034076 | 084 | 029 | 075 | 062
076 | 0594 032 | 074 | 021 [ 039 [ 034 | 003 | 033 § 043

032 | 0741 021 [ 039 | 034 | 003 | 033
004 | 052§ 020 [ 014 | 016 | 013 [ 073 | 065 | 096 | 045

020 | 014 ] 016 | 013 | 073 | 065 | 096
008 10194 019 | 069 | 009 | 086 | 088 | 007 | 001 | 052

019 | 069 | 009 | 086 | 088 | 007 | 001

0411 028 | 068 | 030 | 055 [ 094 | 048 | 008 | 010 | 092
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2. Object Detection

‘-
(XXX X]

< 2= 2: Classification + Bounding Box Regression o

«  Rol(Region of Interest) pooling : Max Pooling 1}

o
1T [ |
- MNZ CHE A7|9| Proposal regions & et 37| 2 HASHY| 9

Proposal region Ll{ Feature map 2t

088 | 044 |1 014 | 016 | 037 | 077 | 096

019 | 045 | 057 | 016 | 063 | 029 | O.71

066 | 026 | 082 | 064 | 054 | 073 | 059

0851034 ] 076 | 084 | 029 | 0.5 | 062

0321074021 039| 034 | 003 | 033

020 | 014 ] 016 | 013 | 073 | 065 | 096

019 | 069 | 009 | 086 | 088 | 007 | 001

- Girshick, R. (2015). Fast r-cnn. In Proceedings of the IEEE intemational conference on computer vision (pp. 1440-1448).
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2. Object Detection

Ry
(YX1X)

< 2= 2: Classification + Bounding Box Regression i ——

Rol(Region of Interest) pooling : Max Pooling} Akt
- MEZ CHE 37|9| Proposal regiona & Yot 27| 2 HASHY| 2|gt

Proposal region Ll{ Feature map 2t

088 | 044 | 014 § 016 | 037 | 077 | 096

019 | 045 | 057 § 016 | 063 | 029 | O.71

066 | 026 | 082 | 064 | 054 | 073 | 059

0.88

0851034 ] 076 | 084 | 029 | 0.5 | 062

0321074021 039| 034 | 003 | 033

020 | 014 ] 016 | 013 | 073 | 065 | 096

019 | 069 | 009 | 086 | 088 | 007 | 001

- Girshick, R. (2015). Fast r-cnn. In Proceedings of the IEEE intemational conference on computer vision (pp. 1440-1448).
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2. Object Detection

‘-'
(XXX X

< 2= 2: Classification + Bounding Box Regression

«  Rol(Region of Interest) pooling : Max Poolingd} FAFet
- MEZE LCHE 37|9| Proposal region2 & Yot 37| 2 BHASH| @/t

Proposal region Ll{ Feature map 2t

088 | 044 | 014 | 016 | 037 | 077 | 096

0191 045 | 057 § 016 | 063 | 029 | O.71

066 | 026 | 082 | 064 | 054 [ 073 [ 059

088 | 0.96

0851034 ] 076 | 084 | 029 | 075 | 062

032 | 0741 021 [ 039 | 034 | 003 | 033

020 | 014 ] 016 | 013 | 073 | 065 | 096

019 | 069 | 009 | 086 | 088 | 007 | 001

- Girshick, R. (2015). Fast r-cnn. In Proceedings of the IEEE intemational conference on computer vision (pp. 1440-1448).
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2. Object Detection

‘-'
(XXX X

< 2= 2: Classification + Bounding Box Regression

«  Rol(Region of Interest) pooling : Max Poolingd} FAFet
- MEZE LCHE 37|9| Proposal region2 & Yot 37| 2 BHASH| @/t

Proposal region Ll{ Feature map 2t

088 | 044 |1 014 | 016 | 037 | 077 | 096

0191 045 ] 057 | 016 | 063 | 029 | O.71

066 | 026 | 082 | 064 | 054 [ 073 [ 059

088 | 09

085 ] 034|076 § 084 | 029 | 075 | 062
0.85

032 | 0741 021 039 | 034 | 003 | 033

020 | 014 |1 016 § 013 | 073 | 065 | 096

019 | 069 | 009 | 086 | 088 | 007 | 001

- Girshick, R. (2015). Fast r-cnn. In Proceedings of the IEEE intemational conference on computer vision (pp. 1440-1448).
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2. Object Detection

‘-'
(XXX X]

< 2= 2: Classification + Bounding Box Regression o

«  Rol(Region of Interest) pooling : Max Poolingd} FAFet
- MEZ CHE 37|9| Proposal regiona & Yot 27| 2 HASHY| 2|gt

Proposal region Ll{ Feature map 2t

088 | 044 |1 014 | 016 | 037 | 077 | 096

0191 045 ] 057 | 016 | 063 | 029 | O.71

066 | 026 | 082 | 064 | 054 [ 073 [ 059

088 | 09

0851034 | 076§ 084 | 029 | 075 | 062
085 | 0.88

032 | 0741 021 039 |1 034 | 003 | 033

020 | 014 |1 016 § 013 | 073 | 065 | 096

019 | 069 | 009 | 086 | 088 | 007 | 001

- Girshick, R. (2015). Fast r-cnn. In Proceedings of the IEEE intemational conference on computer vision (pp. 1440-1448).
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2. Object Detection

< 2= 2: Classification + Bounding Box Regression
*  Rol(Region of Interest) pooling=S & 12t Feature Map2 & HIHZ HE
*  Fully Connected Layer & AFEdH AFHO| FHeloh @3 &R o F o=

«  Bounding Box2| & 224X, Y, W, H) GA| Fully Connected Layer A&l 0=

Proposal Region

I -y
LH &R0l EXHSH=

HE 2

Proposal Region

PN — X Y, W, H) Z2H
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2. Object Detection

«» Faster R-CNN

« &= 1: Region Proposal Network(RPN)
> X7t EME DS FY 2|

- EF 2 (assification and Bounding Box Regression

>  O|O|X| Lf EXjiots HEsu 52| /K| 27|

o TN &M S 2 AR 2} AT IHBackpropagation)S 0| 23| SHs

Total Loss = LosS¢is y1 + LoSSyeg m1 + LOSScis M2 + LOSSyreg M2

B 1: Region Proposal Network
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2. Object Detection

% Faster R-CNN A/ Ant

« A0 ALESHGIO|H Al: MS COCO(Microsoft Common Objects in Context)

e« MS COCO H|O|F M2 00|22 AT E O A

F2[ol= Lol M A-Eot= H[O[H Al

- 2| = Object Detection, Image Segmentation =

- AFHO Zelet 8= 7= 80

Dataset examples

- http//cocodatasetorg/#home
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2. Object Detection

< Faster R-CNN A& A1t
*  Precision: O|0[X| 1%} Lff 0| = B Lf XM= ZO| EXSt= Y| H|E
«  Average Precision(AP): Cl|O|E{ Al Lif 2= & ZHX|0f| CHSH Precision Bt
d2| APO|| LSt B

Precision

*  mean Average Precision(mAP): 2=
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2. Object Detection

< Faster R-CNN A& A1t
- 7|E LHQl Selective Search H#S ALESH 222 RPN AFESH Z2E H[
- RPN2= A3 S [, Object Detection ‘d& = FlOLIT HE T WS
*  mAP 0] 100= &¢t 4t= or2lf #0f &7|

Proposal Region EHAH HitH mAP
Fast R-CNN -
(7|2 Object Detection 212/ Selective Search 393
Faster R-CNN Region Proposal Network 42.7
EFAH HfEH fps
Proposal Region &4 (%t OIDIQI X121 744
Fast R-CNN -
71 Objoct Detection 21215 Selective Search 05
Faster R-CNN Region Proposal Network 5

Faster R-CNNO| 7|& & 2| S EC} 10H) =
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2. Object Detection

% Faster R-CNN Z|& =2 =2| YE|
« AT LY AREO) Felot =1} 0| =2| fIK[(Bounding Box)E Al AlZ4=t

<)
=< = = =
. XV EFUFYHES L
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3. Image Segmentation
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3. Image Segmentation

X/

< O|O|X| & (Image Segmentation) O|2t?

« AR L A0 APHO| Faloh fa T O H30]| S5H=KX| OS¢

«  Semantic SegmentationZ} Instance segmentation2 = T+

Instance segmentationOf| A= QIZH0]| CHSHM = M= FE2& =

oAl HH
=2 =2

O|: St

H =
£3)

-

Output Image 1

Input Image

Semantic Segmentation

Output Image 2 |

Instance segmentation

- https//medium.com/hyunjulie/1%ED%8E%B8-semantic-segmentation-%EC%B2%AB%EA%B 1%B8%EC%9D%3C-4180367ec9ch
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3. Image Segmentation

0/

< Image Segmentation0i|A12| 2{|0| = & (Labeling)

«  Object DetectionX & £78 ALZIO) sl HEO| Had
- AOf Folst HE , LIMX| XI2(2),
.« EX AMEIO| CH3H OfEH| Labeling E77F2

Copyright © 2019, All rights reserved _ 37/55 _

& DMQA



3. Image Segmentation

X/

% Object Detection vs. Image Segmentation
Object Detection: O|O[X| L{f O #HZ=7} Jq1 T152| Bounding Box &t 7|
*  Image Segmentation: T2 H= O HF0| £5H=X| Of|F

. Of=slof & CHA0| Image SegmentationO| & &

Object Detection Image Segmentation

gatE ot n=

3+ (3x4) =15
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3. Image Segmentation

< Image Segmentation AH& =0

. olm Yool B2 28 G HH 5
QFt LY &k B CT G40j|A| 7t} S B K|

E g
] |
5 =] | E
5 2 §
- O 2
0]
o
3 5
2
s 0]
; z
; N4

H-DenseUNet

DUNet

m 1A}

N
I
OR¥

- Jin,Q, Meng, Z, Pham, T. D, Chen, Q, Wei, L, & Su, R (2019). DUNet A deformable network for retinal vessel segmentation. Knowledge-Based Systems, 178, 149-

162.
- L, X, Chen, H, Qi X, Dou, Q, Fu, C. W, & Heng, P. A (2018). H-DenseUNet hybrid densely connected UNet for liver and tumor segmentation from CT volumes.

IEEE transactions on medical imaging, 37(12), 2663-2674.
- https//software.intel.com/en-us/articles/brats-2017-glioma-segmentation-using-fully-convolutional-neural-networks
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3. Image Segmentation

% Fully Convolutional Network(FCN)

« 20153 Computer Vision and Pattern Recognition(CVPR)O{| A{
« 20208 1E 7R 7|E2 = 134722

LA, == MAt=S

+  Semantic Segmentation= S}7| {Io =&

Copyright © 2019, All rights reserved.

Fully Convolutional Networks for Semantic Segmentation

Jonathan Long*

Evan Shelhamer*

Trevor Darrell

UC Berkeley

{jonlcnq, shelhamer, trevorf@cs.berkeley.aedu

Abstract

Convolutional networks are powerful visual models that
vield hierarchies of features. We show thar convelu-
tional networks by themselves, trained end-to-end, pixels-
to-pixels, exceed the state-of-the-art in semantic segmen-
ration.  Our key insight is to build “fully conveluional”
networks that take input of arbitrary size and produce
correspendingly-sized output with efficient inference and
learning. We define and detail the space of fully convelu-
tional networks, explain their application to spatially dense
prediction tasks, and draw connections to prior models. We
adapt contemporary classification networks (AlexNer [20],
the VGG net [71], and GoogLeNet [12]) into fully convelu-
tional networks and transfer their learned representations
by fine-tuning [ 7] to the segmentation task. We then define a
skip architecture that combines semantic information from
a deep, coarse layer with appearance information from a
shallow, fine laver to produce accurate and detailed seg-
mentations. Our fully convelutional network achieves state-
af-the-art segmentation of PASCAL VOC (20% relative im-
provement to 62.2% mean IU on 2012), NYUDv2, and SIFT
Flow, while inference takes less than one fifth of a second
for a typical image.

forward inference

backward, learning

Figure 1. Fully convolutional networks can efficiently learn to
make dense predictions for per-pixel tasks like semantic segmen-
tation.

We show that a fully convolutional network (FCN)
trained end-to-end. pixels-to-pixels on semantic segmen-
tation exceeds the state-of-the-art without further machin-
ery. To our knowledge, this is the first work to train FCNs
end-to-end (1) for pixelwise prediction and (2) from super-
vised pre-training. Fully convolutional versions of existing
networks predict dense outputs from arbitrary-sized inputs.
Both learning and inference are performed whole-image-at-
a-time by dense feedforward computation and backpropa-
gation. In-network upsampling layers enable pixelwise pre-
diction and learning in nets with subsampled pooling.
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3. Image Segmentation

% Fully Convolutional Network(FCN)
«  Z|Z Feature map= 32HH, 16HH, 88 27| = 7|Z(Upsampling)

32x upsampled
image convl pooll conv2 pool2 conv3 pool3 conv4 pool4d convh pool5 cov6-7  prediction (FCN-32s)
16x upsampled
2x conv7 o
poold prediction (FCN-16s)
— -
8x upsampled
4x conv7 prediction (FCN-8s)
2x pool4
pool3 | | |
-_)_ +——
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3. Image Segmentation

% Fully Convolutional Network(FCN)
» |5 Feature map= 32tH, 16HH, 8] 27| 2 7|=(Upsampling)

. 7|2 Feature mapS S TAT QIAISHO] e TM e B2

32x upsampled
prediction (FCN-32s)

16x upsampled
prediction (FCN-16s)

8x upsampled
prediction (FCN-8s)

Conv Layer
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3. Image Segmentation

% Fully Convolutional Network(FCN)
»  Z|Z Feature map= 32HH, 16HH, 84 37| = 9I%(Upsampling)
« 7|2 Feature map=2 2f'd&= Aot Rds) d Hz B

. FCN-8s2| A<, 2= o|0|X|2} 717t Feature mapS |§01| ALE

32x upsampled
prediction (FCN-32s)

Conv7 &1t
Feature map

16x upsampled
4 Pooling St prediction (FCN-16s)
St Feature map
+
Conv7 &1Fet
Feature map

8x upsampled

3,4 Pooling S5t } rediction (FCN-8s)

Feature map
+
Conv7 Satst
Feature map

Conv Layer
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3. Image Segmentation

< Fully Convolutional Network(FCN) &% Zt

e FCN-32s, FCN-16s, FCN-8s= Ztzt 1=8}11 0

- U= O|0|X|0f| 7}77}2 Feature map== OIZ0| A2

FCN-32s

FCN-16s

FCN-8s

SO
1IN
=l
M
>

N
ot

FCN-32s

FCN-16s

FCN-8s

loU

(Intersection over Union)

594(%)

62.4(%)

62.7(%)
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Semantic Segmentation

4. Mask R-CNN mm% e

w«@ ;)

Output Image 2~ ™2 ‘wnz | Instance segmentation
L e,

s Mask R-CNN

« 2017 International Conference of Computer Vision(ICCV)O| A 2 H = =F
. 20209 1E 7€ 7|E2 2 46052] 018

«  Mask R-CNN< Instance segmentations =2517| [l 7 &
Mask R-CNN

Kaiming He Georgia Gkioxari  Piotr Dollar  Ross Girshick
Facebook Al Research (FAIR)

Abstract

We present a conceptually simple, flexible, and general
[framework for object instance segmentation. Qur approach
efficiently detects objects in an image while simultaneously
generating a high-quality segmentation mask for each in-
stance. The method, called Mask R-CNN, extends Faster
R-CNN by adding a branch for predicting an object mask in
parallel with the existing branch for bounding box recogni-
tion. Mask R-CNN is simple to train and adds only a small
overhead to Faster R-CNN, running at 5 fps. Moreover, Figure 1. The Mask R-CNN framework for instance segmentation.
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4. Mask R-CNN

& Mask R-CNN 7|& ofo|LC|0f Faster R-CNN
« |Step1: 2K|7} RS Trot BY B X|(Bounding Box Regression) l

Object Detection

HT7F JZX| 0| = (Classification)
L A0 Step20i| Al Of| 5ot ZHH| RIX| OFEIX| O & (Segmentation)

|

FCN
(Fully Convolutional Network)

« |Step2: EHX|SH A
P o
o

« |Step3: EfX|ot

Of|Al: X}-SX}
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4. Mask R-CNN

_I_

% Mask R-CNN &=4! gk

»  7|& Faster R-CNN2| &2 0] Segmentation0f| kot &4 o= F=7}

|'F>
ol

«  Mask R-CNN2| &4 gt== Multitask(Classification, Regression, Segmentation)

Total Loss = |Loss¢is 1 + LosSyeg m1 + LOSScis M2 + LOSSyreg m2|HLOSSsegment

‘ ‘.

Object Detection =4 Bt
(Faster R-CNN)

Semantic Segmentation =4 &k

=
(Fully Convolution Neural Net)

oHs 25 -> 017 28
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4. Mask R-CNN

X/

% Instance segmentation Z1} H|
Bounding BoxZ EfX| 2, Segmentationg X&liZH 7| 2 0f Mask R-CNN & SO
«  FCIS: Mask R-CNN O[T 71 &2 ‘d5= 7H Instance segmentation ¥ 11E2|S

FCIS Mask R-CNN

Average
Precision(AP)
FCIS
(7| Instance segmentation 2 112|F) 336
Mask R-CNN 37.1
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4. Mask R-CNN

< Mask R-CNN £=4! sk==0f Cl{st A Z4t

-
«  Mask R-CNN= Object Detection2 212 = Segmentation £

Mask R-CNNO]| Clioh SHO|IHI} 20| B = Faster R-CNN1f & &
+  Multitask =2 g5 ALER 0| [i2t Object Detection ‘85 S7t& =2

Average Precision(AP)
Faster R-CNN+++ 349
Faster R-CNN with FPN 36.2
Faster R-CNN by G-RMI 347
Faster R-CNN with TDM 36.8
Mask R-CNN 39.8
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Mask R-CNN
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Mask R-CNN @4 M-8 0f| Al
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5. Conclusions

«  Z4H| EHX|(Object Detection) -> Faster R-CNN
ol =

0124 bR ). RGB AFEI
O] =: ALl L XSt HEFS4t sl
«  O|0JX| £ (mage Segmentation) -> Fully Convolutional Neural Network(FCN)
> 2E BH(EE) RGB A

> f0l=: HE B of= 30| Foh= X[of 25h 2i|0]= et A

Faster R-CNNZ FCN= € ._| Mask R-CNN2 Instance Segmentation= St= 12|
cf|O| =0] EXSIX| B=

=
= BF 7ol EaeFE AE

X BEX Y, W, H)

ik

[S) E7|'3
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5. Conclusions

1931T, 2 HIEE YA
7
d

b ol

(@ mm |
&= B&otilk} ot A+4=0| S

nsupervised Learning)” |2t Computer Vision & 11 2|&

Computer Vision 2¥12|&

2= 0|23l »ot= =M E SiZ5t= &’ (Domain-Adaptation)
=

=S otk ot ET

P
SMEO2 T ofHY

- 0|2 X Es Sl dd 7tse
- tf0|2 20|z B2 A7t Q120 £
- HO0|=T S StA| REALE AZFF A H
>  HX|Zg5U
>  &=X|&= gt&(Semi-supervised Learmning)” |8t C
> A EgE 2ES
> A ahgE 2ES AR A o2
«  H|X|Z && 7|8 Computer Vision ¥12|F
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Appendix. Object Detection @7} X| &

% Faster R-CNN &3 Z1}
«  Average Precision: precision-recall 12§ Of2{f HA

«  mAP(mean Average Precision). &= 2H30i| Lot Average Precision2| &t

HHZ= B2 Average Precision AH&E

os}
os} f 1 1 N
G| Ef Al c i T
e S | [ [ | | MmAP = — EAPL-
_ m_'_ 2 oot . ! N -
B = E(Horse) D o = -
Precision A| 4 e I e e L
Recall 75”*._" oat———1—T-AP 1 N: AP 0| o8t BZ= 72
A 0 ] 1t o) o (o (e 1 AP iR =HZ=0f| IZHOFAverage Precision
00 01 02 03 04 0SS 08 07 08 09
recall

- https//bskyvision.com/465, https://eehoeskrapiistory.com/237, https;//darkpgmrtistory.com/162
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