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 O|0JA] & (classification)
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- R-CNN (CVPR 2014)

* Rich feature hierarchies for accurate object detection and semantic segmentation
(Yot A LAl Y AHE] 2ES St FLE 715 AIS)

» https://arxiv.org/pdf/1311,2524 pdf

 CNN2 Object Detection 200]| 2|=& 2|8
> CNNE o]23F & H}4]o] Classification 20t opd Object Detection 20T =2 2Z0)
‘2 olzo] ¢ £ UTH= HE FTHY

« VOC2012 (Visual Object Classes Challenge)0ilM 7|2 Y ECH 30%01%2 542 EY


https://arxiv.org/pdf/1311.2524.pdf
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- RCNN 29| %3
* R-CNNZ 23, 23510 45, 8= T GIMUR-CNN A A =

» R-CNN, Fast R-CNN, Faster R-CNN, Mask R-CNN... R-CNN

CVPR 2014

Fast R-CNN
ICCV 2015

Faster R-CNN
4 NIPS 2015

Mask R-CNN
ICCV 2017
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R-CNN: Regwns w1th CNN features

aeroplane? no.

person? yes.

tvmonitor? no.

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

1. O|DJAIE inputl & {0 Y=H.

2. 2000749 Y (Bounding Box)Z Selective Search ¥12|&2 Soll 2510 22t} (Cropping).
O] CNNE&O]| ‘77| sl & AO|R(227x227 pixel size) 2 A2 2Z{LH EI-(Warpmg)

3. 20007HQ] Warped image& 22} CNN 2&oj| 2lof Y=

4. 27t Classification2 2I%st0] ZNE = £3IHCt,
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« R-CNN2 2-stage Detector > | TaskE £ 7IA] Y2 L}of 21

%1 Bl T7|: Region Proposal (8412 YH2IE A= )

C
* =T

Rl ©7|: Region Classification (BAIE £26l= ¥)

+ RCNN 20| 22| THg 242 A9} g

1.
2,

Region Proposal: 718 12|2 2HUSIHH| SHIQ] FHE A= BE
CNN: ZZ}o| Yo =22 E| 1Y H 37|9| Feature Vectors &OlU= Large Convolutional
Neural Network

SVM: Classification 2 st MY A&9E 2 Support Vector Machine(SVM)



- Selective Searchgt= 2102|SS 0|8510 2t Y EA

Bbox reg || SVMs

Bbox reg | | SVMs o t
3 |

ConvNet

Girshick et al. CVPR14.

Apply bounding-box regressors

Bbox reg || SVMs Classify regions with SVMs

2] |

Forward each region
through ConvNet

ﬁ Warped image regions

Regions of Interest (Rol)
from a proposal method
(~2k)
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» Selective Search¥11g|=

* A9t A 2to] M2 (Color), U (Texture) 2}0], THE S0l E2{M012L=2I(Enclosed) CIF §
2 mosA CHYsH M2to 2 SHI0| QRIS WY 4 YEE St YN2YS

Bounding boxE2 Rondom 3t 2ol 41442312 ol
Merge MR ExuZ OlhlaHumie V)
2> S SFE MBI SR Ot

* Segmentation 20}0f| B}0| A2

11



Deep Learning

 Selective Searchg &dll /8/dE 2000712l 224x224 Pixel Size& WarpingE O]

OJA|E 212} CNNoj| &

Bbox reg || SVMs
. |

Bbo) reg | | SVMs

o1

ConvNet

224x224 AO|2 2 Warping®
VOC2007 train O|0|2|E
Girshick et al. CVPR14.

Bbox reg || SVMs

o |

ConvNet

Apply bounding-box regressors

Classify regions with SVMs

Forward each region
through ConvNet

ﬁ Wal ped image regions

Regions of Interest (Rol)
from a proposal method

(~2k)
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* RCNN 220jlA CNN 2¥ 222
F

« AlexNetQ] 1R E 7{9] 2 AI25I: Object Detection S22 DIR|g} B 20 23 »Y
« AlexNet Network OIA|2} BE£2 Detection2 &t Class 4 PH2 HI32 1
- (1000 -> PASCAL VOC 7|2 20) (1000-> ILSVRC2013 7| 200)
* Object Detection& DatasetZ 30 ‘g0 Fine-Tuning 3%
* 2}2}9] region proposal28E{ 4096-dimentional feature vectorE &HOHH 1,

« O|2 0|25} Fixed-lenqgth Feature VectorE PHSO{HL|C}.

e 192 138 2048 J04g \dense
27 128 . —
N AN 13 13

- Fol @1-’ 3 = ’ 13 dense| |dense
i, N 1000
192 192 128 Max L | —
Max 128 Max pooling 2948 2048
pooling pooling
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- CNN 2225 E] Feature?l 2&0| &1 Training Labelo] 22%|21 U™ Linear

SVME 0|85}0] classification2 1% (Category-Specific Linear SVMs)

Apply bounding-box regressors

Bbox reg SVMs Classify regions with SVMs
Bbox reg || SVMs

a3
Bbox reg | | SVMs Forward each region
through ConvNet
ConvNet
ConvNet
t" Warped image regions

Regions of Interest (Rol)
from a proposal method
(~2k)

Girshick et al. CVPR14.
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SVM (Support Vector Machine)

« R-CNNOJ|M Classifier2 Softmax& A 2| 911 SUME AI261= 0|9

« RCNN &=29] Appendix Boj| It2H

. VOC2007 HO[E{Al 7|2 O 2 SoftmaxE AHREHAE W mAPZEO| 54.2%01A 50.9%2 Ho{HE
« =20jA= CNNS fine-tuning & i
« O|0J2|9] positive/negative examples?t SVME ¥&¢e I O|0|R|9Q] positive/negative examplesE W

2 yory
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SVM (Support Vector Machine)

* CNN fine-tuning9Ai&=

* loU?} 0.57} g 2™ positive, O] 2J0ll= "background 2t1l labeled
© SUMS &Y mhs
» ground-truth boxes?2t positive exampleZ2 44
* loU?} 0.30|2FQ1 YHY S B 5 negative
* UDRIE M8 ZA|
« SUM2 CNN fine-tuning} Z2 /2 S &2 2 mj
. AJ50| WM F2| U L

* loU7} 0.5001M 1 Ato|Ql YHE (fine-tuning®llM positiveQ 2 HOISHE)L "jittered examples”2t %2

Network2{ Overfittings Ti3i7( S1anAl 7 dlﬁeved exomples” Sol 3% He3zel,
K123 fine—tuning 375 ctlolerh %421 WAL chBotl, okt “Jittered exomples” Sol ot Afaysia1 WSk,
chSei B2 Softmox Clossiflers 2T ot Aol £zl otk SYMS B1531E 21%fo| Bl Blict Hog Z22E|

16



SVM (Support Vector Machine)

« A2 SVM(Support Vector Machine)2

« CNNe2EH R=H 242}9| Feature VectorsS9] 24 & Class¥i2 0l7| 2,

+ MA|QIR| OFUIR|, ZA[2}B OfFH MAIQIR| 5& WESH= HYL st Classifier
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« EE0IM 20T MM 2= A9l M| 7FA[OJAI2H
AHIAIE 28jojl= bBox reg2tal A0j2l 4217} 271E]0] YL
« Selective Search& 9t50{'i Bounding Boxe §215] PSR =
%71 2ol SHIE Yol AMET 2YsHFE MYEH 2

(Bounding Box Regression)2 7} 8%

Deep Learning

ConvNet
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* bBox9 inputg}2 N7HQ] Training Pairs& 1%
{(P",G")}i=1,....n, Where P" = (P!, P! P! P})
X, Yy, w, he ZtZ} Bounding Box9| x, y 2t& (¥xl), width(HH]), height(0l)
« P HEiE Bounding Box0|1l GE= Ground Truth(2A| Z}) Bounding Box

« MEHE PE GOl YRXEE transform Sl= A2 ¥&5H= 20| Bounding Box Regression2| &

G, = Pydy(P) + P, (1) te = (Gg — Pr)/ Py (6)
éy = Ppdy(P) + P, 2) ty =(Gy — Py)/ Py (7)
Guw = Py exp(dy(P)) (3) tw = log(Gy/Py) (8)
G, = Py exp(dn(P)). ) tn = log(Gh/Ph)- 9)

N
w, = argmin » (ti — Wigs(P))> + AW, [*. ()

d.(P) = wlg.(P) R-CNN#°224 88924 Bounding Box Regressionetixd 2% ol £413 A2
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- 24 49
- (1), (2), (3), (4) AoliM G hatE2 G(Ground Truth)Q} 2|CH$ 71712l B
- (1), (2), (3), (4) ~olIM G hat2 G(Ground Truth) 2 B}t dE t2 2|&5}0] tof] CHSH LIEH 2
o1 (6), (7), (8), (9) A
* (6),(7),(8), (9) = &l &
 (5)4J0flM Al20}(Sigma) 2tofl 4= 24|0] Loss Function
« tQ} d9 210|QI LossE &0 U7l= YWY 2 8&5dl= 210] Bounding Box Regression £2|9| S&
« Hojl oAl THA2 Reqularization 0|1, =20j|ME O] 2Fo| ZR25ICHL 7|24

« =20|A = validation set2 7|8t 2 U2 100022 A|Y
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* R-CNN Classd & 2 mAP

VOC 2010 test | aecro bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mAP
DPM v5 [20]7 [49.2 53.8 13.1 153 355 534 497 270 17.2 28.8 147 178 464 512 477 108 342 20.7 438 383|334
UVA [39] 56.2 424 153 126 21.8 493 36.8 46.1 129 32.1 300 365 435 529 329 153 41.1 31.8 47.0 448 35.1
Regionlets [ 1] [65.0 48.9 259 246 245 56.1 545 512 17.0 28.9 30.2 358 40.2 557 435 143 439 32.6 54.0 459 39.7
SegDPM [18]T |61.4 53.4 256 252 355 51.7 50.6 50.8 19.3 33.8 26.8 404 483 544 47.1 148 38.7 350 52.8 43.1|404
R-CNN 67.1 64.1 46.7 32.0 30.5 564 572 659 27.0 473 409 66.6 57.8 659 536 267 56.5 38.1 52.8 50.2|50.2
R-CNN BB 71.8 65.8 53.0 36.8 359 59.7 60.0 699 279 50.6 414 70.0 62.0 69.0 581 295 594 393 61.2 52.4|53.7

R-CNN 882} 7|2E|0{9l= 2 of2lf Y2 Bounding Box Regressiong 2{ %!
« Bounding Box Regression2 2{2A|712 U 50| O Y &l U Hougt L QS

« I VOC 2010 GIO[E{All 7|RO 2 O BHE WL} ZjojU 452 B9

o
-

o
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+ 2{2] AlZto| ULt
 Selective Searchoj|A{ &olH 20007H2] FY O|DJA|S0|| CHOHM 25 CNNERS A&
* Region Proposald]| AF8E]l= Selective Search7t CPUE Ar85ts ¥u2E
 RCNNQ| £ A2t
+ Training Time: 2 84A|1ZH(GPU K40 AE 71222 frameq 132, CPUES AL23I%S Il frameq 532 £ Q)
. B3siCE
* Multi-Stage Training

2 495101, CNN, SVM, 12|31 Bounding Box Regression7}A] & M|
Jt2jo] BHg WA s B

12
o o

- Back Propagation©O] QHEIC}

« SVM, Bounding Box RegressionOilA]| g}get 27} CNN2 HOIOIE AP |A] &
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* YOllM LTHTH TS0 E2HSHAI

=

« R-CNN2 2|2 Object Detectiono]| Deep Learning Y39l CNNS £
- O|¥ 2-stage detectorE9Q| 20j| st Y2 0|
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