2T R-CNNF) R H sl H %S

R-CNN, SPP NET, Fast R-CNN, Faster R-CNN




Faster R-CNN

SN

O ==
O @ RrcaN
4=
& ©® seeneT
Z @ Fastr-CNN
K e
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PART ONE

1B

B5HIA




Recommend
KIB SR

AGEA frrys
R

=g ol

Birtell 2 ELENE R PRt WA ENS, FrmERIrRISEs],
PIARRIRTZACERERK, EMNBE, &5AE, mEALIEIEE
FEOEEETS, FEYIRERLIEZ 125,

Classification Instance
+ Localization

Classification Object Detection

Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

AN 7
i

Single object Multiple objects




Recommend
KIB SR

El{&iR%! (classification) :
mN: BA

e Tnw B ) NN B3]
THEGE: ERER,

1 (localization) :

BN B |
h,heigth,

i AiEEERPRINE g

(X, ¥, w, h) :

G RN EREY wwidth ZE

intersection-over-union




Recommen d

KRR
="5E§ *
. B IhFl

BirtEEix

1(EFRBEMENESL: Cascade + HOG/DPM + Haar/SVMULR _EiRF
IERNESEOH. UL,

2 RIEXE/E + REFI DR BIRBUREXE, FXITENXIEH T
LUREZIHEAERNSEA5Z, a1 R-CNN (Selective Search +
CNN + SVM) SPP-net (ROI Pooling) Fast R-CNN (Selective Search
+ CNN + ROI) Faster R-CNN (RPN + CNN + ROI) R-FCN&E&EASF
i,

3. EFREZIMNEITAE: YOLO/SSD/DenseBox &757%; LANERIA
HIMAYESRNNEGARIRRC detection; £5&DPMBDeformable CNN

e
=J o
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PART TWO -
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R-CNN




Recommen d

B ronn

R BRENIGE

EFRBMENNEEERNRIZNT
¢ (FRARRENBIEOEEEGINE —XIF REXE;
o MITRAYIEGEXIIEEGNIHarr HOG LBP LTPE&—3KalE SIS

® {ffAdaboost, SVM FoREAIIMANREXEIAITHR, AMEREBETIFRNEY
Bx.

2= o Rl peS:

1. ETEEONXEEERERE I, HEERES, BOR,
2, FLIRITANFIEI TS HMERNRNRBRIFRISENE.




Recommen d
KIGER I

B ronn

R-CNN/ZRegion-based Convolutional Neural Networksf9485, X ENEE

TFXEHETREHEMNEE, B—FfEEXIEiE®R (Region Proposal) FIGFRHEK
#& (CNN) RYBRENTTE,

X% (Region Proposal) : FIFBEGHHNSIE, H%. HEHFER, ik
HEFBREIREHIMAINE. FEMANEM: (1) GNARRE (2) £3£5
E&aIENE (3) BE.

R-CNNRIEE ML :

1) EgaEENEE—REREMENIEAAEEXE, FANEEEREHE
ORI LENARAR/NIBR, XF75EE K K. R-CNNfERSelective Search
T35SI P B (i X 1,

2) ZHRBEIMENEAMA LTIRIHAMFE, R-CNNERREZES Bz
¥FLE.




Recommend
KR

. R-CNN

R'C N N HglE\WEﬁ

R-CNNAYEEL BN T :

(1) BATLELR;

(2) FIFBEIRIEIEE ( Selective o TE] Sk wpo o
Search ) EixEEIGFN TR LR sk N ol

ER2000/NE R ATREE SRR IR et (R P e

X1 : ‘ ConvNet

(3) ENEHARIEA NS R, A e mage regons
PR S MBER AR (warp) 1 '

B —922TX 22 TIA N FHANE | G
CNN, ECNNEIfc7 BB IE S i

fiE;

(4) B MEER IR RICNNAS
ERANBISVMIHTH £,

Girshick et al. CVPR14. Post hoc component




Recommen d
KIGER I

B ronn

Selective Search&i%

1. &R Efficient Graph-Based Image SegmentationfgY75:Z3REUR G 2l X 13}

R=1{r, Iy, s Tule

X1k QB EE XS5k A 3 M B/ N R PN EE B ARVIBRIINEE(H. XS (REERIERTE 2 5l E TR
X HELEENANT, SHANES/MMIARY (ERITXBRNRIKENEE, NENXEEES
IERFNK) .

2. IR HRINESSS = ¢,

3. IHERRTES X E < RIIEIUE S ERINEBIUESES S .

s(ri15) =@1Scotonr (1 1j) + @2Stexrure(Ti1j) + @3Ssize(T1,1)) + @aSr(ry,17)

4. WEIESESSHHRE, BIUERAINRNXIE r; fir, BEEHEA— X r,, AELE
S EFRERTS I EBXIER BT ERVRIE, 1+8r SEAMXE, (JRYcSrEr;HBRY
Xig) BEIE, SEERMIBEBIESESSY. RREHKEr, INEIXKEESRF,

5. SRENVE M XIgA9Bounding Boxes, XMERFEYMAN BERITTRELSRL,




Recommend
KIB SR

B ronn

RCNNRIBEFSE

SE—: g (& TE) —1M2EEE (FbalAlexNet)

Convolution
and Pooling Fully-connected
layers
i—> H—> -  Softmax loss
Final conv - -
Class scores

feature map 1000 classes




Recommend

KIS

B ronn

LB, XiztEE gfine-tuning
JGRENT100027920, LEAN20MDIARZERI + 11MVE R
HERE—NEEEE

Re-initialize this layer:

Convolution was 4096 x 1000,
and Pooling Fully-connected now will be 4096 x 21
layers
i—> —> - Softmax loss
Fi) cony Class ;cores
Image TOaNe map 21 classes




eeeeeee

)\E%@\ﬁ

B ronn

IR = FHIHREE

REEGIFEIRIEE (EFEEEZRSelective Search) ;

SITFE— I XE: BEXBA/NAUSSCNNEEA, M—XEIMEEE, FEOit
HENEY (MENMRSERNEIRFIE) FEIEE.,

Convolution
and Pooling

—

pool5 features

Region Proposals  Crop + Warp Forward pass Save to disk




Recommend

KIS

. R-CNN

LB JIEZ—1SVMEERE (ToR) KHAMMXMEISERYARIZEE]
BRI —PSVM, FIRRARE T XSRS, EfiEpositive, fzZnagative,
ECANTEl, SLEXTosSiISVM

Training image regions

Cached region features

—

Negative samples for dog SVM Positive samples for dog SVM




Recommend

KIS

R-CNN

LBA: (ERREESEEEEERSENE: NTE—1X, Sl TiErN

FIEXMERGIES SR

Training image regions

Cached region features

Regression targets (0,0,0,0) (.25, 0, 0, 0) (0, 0,-0.125, 0)
(dx, dy, dw, dh) Proposal is good Proposal too Proposal too
Normalized coordinates RiEmEELRT far to left wide

(LESE S ESRET EESAXT, TELAS




Recommen d
KIGER I

B ronn

R-CNN7Z{ERY )RR

1. EFR-CNNBirallEZRERABEERTHIE R, HANEAZR
2. KEATHEINER, ZREEMZSRBIRIREE
3. R-CNNFEXRREXIFHITIRGIHRIE, ITREKX, FEiIK

ATE R EEA
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PART THREE -
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SPP NET




Recommen d

B, seeneT

ER-CNNIIE—, XI/RIAE Fi@id Selective SearchiZBXAYRIEIESIX2000MNER, 1M
X2000MRIGHES MEEPFZHITCNNIZIFAE+ SVMDE, ITRERK, SHR-CNNig
RERIE, —SKEEBFEEATs,

mE, EFR-CNNBiFeUFZRERARERINE R, HANBAZIR, EREASE.

AR EUHNE? SPP-NETRIHINIEIFARIR 71X AJRE,

SPP-Net (Spatial Pyramid Pooling) Z{AZBA20145FRHINGE, BIIBRMEFRCNNT
AN IEARR R TR RSFAIR-CNNEAMHUHA, SLAGLERFIASPPIIALR-CNNR

TIE100(3
MEiXZ8# |, SPP-Net5R-CNNB(LL: i@idSelective SearchifEUE%EX I, HRGtEEE
FASVM{#i5528,

ERBEREMREXEHIT—RCNN, MRSRBEI—XCNN, ECNNASEZERINN
FiEtHAYSPPE, HRIBIRIEXEN S croplIEGRERERIBEL SPPERHIRBA £EZEIR
JHEENR, SafEEEEREEE—XIEBREMEIRIEXERUHIERE.




Recommend

. KPR
SPP NETHY|RIE
A RFARERIERBA, BR-CNNER— M ERERINTEHEZIRASPPER, EKEEIERN
FHIE, HARAISENEERER.
e
1. EISCIICNNZREEBGRYRN
\ 7 \Xj}? Igl 1 T_/Aq_g*/q%?ﬁ?%ﬂya fully-connected layers (fcg, fc)
t
fixed-length representation
| image * crop / warp > conv layers 'ﬂ fc laycrs% output __i'mn o 14”5‘“’ "4 2564
image ™ conv Iaycrs}- spatial pyramid pooling p fe laycrs}» output &@@/
' P ‘ ‘ ' spatlal pyramid poolmg, layer

feature maps of convs
(arbitrary size)

1 convolutional layers
input image

SPP Net vs R-CNN SPP NetéEr




Recommend

KIS

B, seeneT

SPP NETHHE T
STT— ImFHER
XfFNE R, SRR ERH2000MEISHE

Region Proposals

(ZSFARSE S




Recommend

NIRRT

B, seeneT

SR BRI
EEEREHONUEB R BMACNNAE, HTIREHERE, 15%feature maps, #E&feature map
KERISRIFHEX I,

feature

feature

feature

feature

feature

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

SPP NetfFEHZEY




SPP NET

SR= TREFEDHL

MNHRSEXEHI T A FEEN, RNHEEREIFIERE.

fully-connected layers (fcs, fc;)

t

fixed-length representation

| 1  Eern = = =
A
"
| 1 = — [ e —] ]
4 16x256-d # 4x256-d & 256-d
L g J/// ///

spatial pyramid pooling layer

feature maps of convs
(arbitrary size)

' convolutional layers
input image

RIS FIEBL

Recommend
KIGER I




Recommend

KIS

SPP NET

: YIIZESVM 32558
MASVMEZE, JEIEXIEINAFHEREH TR,

Training image regions

Cached region features

Negative samples for dog SVM Positive samples for dog SVM

SVMZ336R5!




Recommend
KIGER I

B, seeneT

SPP NET{Z{ERYIa)RR

£2SPP NETHUH/GHIR-CNNEREEUIRESIRNIER, (BFERRME:

TESPP NET>RFselective searchXJ[RInE it TIRIEXEGRENES, ATHREXEHERS, &
EREXEFFIIESIRETRIRRR, FRE T SPP NETHIRNIERRE.,

558, 3ISPP NET, 2AROWFIHERE— M EIREZ RN, 58X TZXAIRCNN, {ERT
SVM, ROWFEAFHFME, Ls), SPP NETHHEJtunningZGiEEFHSPPEZRIFFIENE, HIiL
XJ T ECBGRRIM S TTRE /I AT,
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PART FOUR
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Fast R-CNN




Recommen d
KIGER I

B, Fastr-cnN

R-CNN#ISPP NETHIAZ:

1) R-CNNFISPP NETHIIZRESBELI ZHER: fine-tuning/SRIMESTRERMFIERIL.
SVMSSEEFFERERIZFS. {L&bounding boxaJ[E])3

2) XR-CNN , JIIZFONGRIRS BB ER, S EGRRIANERONHIEFEFEE
IZCNN

3) XJSPP NET , EXAROWFIHERE— 1M EIREZIIREN, 85X TZXRIRICNN, {ERT
SVM, ROWHIHIFERE. L5, SPP NETHRAJtunningZLiZEFHSPPEZRIRIFIEINE,
EIERS FEERGRIS M FoRE /I D

Fast R-CNNZRoss GirshickfE201 55X E—5FASPP Net&EiAAYAuH, EEEVGGT16M
BEGNIEZERE: Fast R-CNNTE)IIZMERLLR-CNNER T 9=, LKSPP NETHR T 3(Z; 1ENAXN
EREVR-CNNERT213/Z, LLSPP NETIR T 1063, EREEtRE—EEH.




Recommend

KIS

. Fast R-CNN

Fast R-CNNE&jXE%E

Fast R-CNNEEZE5TEIL selective searchJ3iEZ&EMZI2KPROI, EREG—EHIAZICNN
Mg, AE—1NEIRERKEROIERMEIXR, FR1EASPPEEFEEZIROIG—
FERX), REBEIRNEERR, — I FCEREsoftmaxsLIlne, — 1\ FCEEE
bounding box[E|F1EEIEFNEIEFRINIE.

T SRR bbox
Deep softmax regressor
~ConvNet el 4 '

Rol FC FC
pooling
% Rol layer
projection\\
Conv X[ Rol feature

feature map vector For each Rol




eeeeeee

)JE%EA#F

B, Fastr-cnN

(1) ROI pooling layer

SCRR ERSPP-NETH —MEERR, SPP-NETXSE N proposal{Ef T ARIA/NIESFIER
§F, mROI pooling layer REBEE T RAERI—N7XTHINFEE], XFVGG16/MZ&conv5 3
B512MEHIEE], XEEFTEregion proposalXii 7 —N7*7*51 24 ERIEHIEREIE NS
EEERA. 52, XPMNEER LSRR K/INYHENRE R — N EE R ERUFLE
£,

(2) BtEREYT

X FEO—REANERIZ X, y,w,h), D3lFRFEONFORMBIRIES. LERIE P
RIRIBRIProposal, ZFERIE G KFEBTRHIGround Truth,
HNNERESH—IRREERAFRBINEL P 23R

82— MEEXEN G FEArIEIREOGA, Ak, 2

HERIFRIBRIEPE: L587E(Px,Py,Pw,Ph)SH—FeRGdf, {£15
f(Px,Py,Pw,Ph)=(Gx",Gy”,Gw”,GhA)

HEA(GxA,Gy”,GwA,Gh )= (Gx,Gy,Gw,Gh)




Recommend

KPR T
B, Fastr-cnN
Fast R-CNN vs R-CNN
5R-CNNEZRENILL, ALK EEZERHEAE
—R&E— 1 EHRERIT— ROl pooling layer;
" RIRKRREMER T 2SR RE, BLHERTBounding Box Regression BN
EICNNRIZEH)l|25,
Apply bounding-box regressors FaSt R-CN N (teSt tl m e) R-CNN Problem #1:
Bbox reg || SVMs | Classify regions with SVMs Slow at test-time due to
Bbox reg || SVMs y | independent forward
passes of the CNN
Forward each region
ConvNet through ConvNet Fully-connected layers
ConvNet
SRR Reglons of . g “conv5” feature map of Image \
Interest (Rols) Solution:
::;ft’;‘sdpfopvﬁdl Forward whole image through ConvNet Share computation
Regions of Interest (Rol) of convolutional

from a proposal method
(~2k)

layers between
proposals for an
Input image image

Post hoc component




Recommend
KIGER I

B, Fastr-cnN

R-CNN: PFSRIEHE -> CNN -> BRI MRISEIFLE -> 53K+ BT

Fast R-CNN: —3KEl -> CNN -> 1SRIESKIRIZHERIRHE -> 53K +[E]3

LA, Fast R-CNNAER3FR-CNNAYRBERFEEHMET . AMER-CNNIEBMREXELSFRE
PIZSIRAFIE, MIREKER XL, BiEREERFZISEANSREL, MmFastR-
CNNAFBZHEXIFE, R THREREESANSHELRFMAILLT .

R-CNN Fast R-CNN
Training Time: 84 hours 9.5 hours
(Speedup) 1x 8.8x
Test time perimage 47 seconds 0.32 seconds
(Speedup) 1x 146x

PAM, Fast R-CNNEHHTIRZRMHREERAT, FERHAERIREE, X MIEBIFEFE.
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Faster R-CNN




Recommend

KIS

. Faster R-CNN

I TFFast R-CNNFEH TR MR RS, FERHAABANRIEME, XAKRS 7 EiallAgE
FE. Faster R-CNN&Ross Girshick¥JFast R-CNNESEIKGE, EEMNLE (ZF) Bisa
REEIAZ17fps, EPASCAL VOC EiERFER59.9%; SZ34M%% (VGG-16) 1AZF|Sfps,
T278.8%.

Faster R-CNNE&;EEE

MR-CNNZIJFast R-CNN , BZ|Faster R-CNN , BiF&UNEONEARLE (IBEXIHER,
FHIEREL, o3, (UERE) ZBTHAEE—RENKERZH. MEITREREES, =
£EGPURSER, AKES TIEITERE.,

Faster R-CNNAJLABEIIEM “"XIFAEMEERPN+ Fast RCNN “B9F%, FARPNAE
fast RCNNHRJSelective SearchFix,

region proposal (SS) region proposal (SS)
region proposal
feature extraction (Deep Net) feature extraction f(.ei?tur‘e extraction
lassificati 't refi classification + rect refine
classification + rect refine
classification rect refine (Deep Net) (Deep Net)
(SVYM) (regression)

RCNN fast RCNN faster RCNN




Recommend
KIB SR

. Faster R-CNN

RPN

NTRSEREXIFHSHIREE, IIA—MERIASAIHENE, EHEid, SR
ER IS RE R R TRk, 1EFaster R-CNNH3| ARegion Proposal Network(RPN)
&{{Selective Search, [EBY5|ANanchor boxhxf BIFAZRAIZALIAE (anchorfi @&
FMIA/NEIERIbox, BILAIEMRR S TIREFHIEERIproposal) .

BUMEE:

IERPNI/EIRE IR E] S 45FAICNN/SE, RPNEHE) |G EREEX I,
1.#£feature map_LigziE . = —

2 E—MERE TR 2+ EBMEA, i | e

3EREOMOMLERETYEROARIERES.  1xiow § 1 151 oo
4 REEOIE] SR T IS TRAC(LE. | |

256-d
t 1 x 1 conv

convolutional feature map




Recommend

KIS

. Faster R-CNN

R-CNN VS Fast R-CNN VS Faster R-CNN

RCNN:
Selective Search -> EMEEHECNNIFALREE -> SVM4EE -> 104E[E])F
Fast R-CNN:

Selective Search -> FiKE| FEIACNN, 15Z|feature map -> B MEEEEfeature map
_ERIBRET patchEBTFUFERAZEISPP layerf1Z SRR -> softmax32E + BHERE]IT
Faster R-CNN:

ZREIRBWACNN, {5ZFlfeature map -> FIAZIRPN, SEHRIEE -> IHRIEEPEEH
HHIE, ERDESEFABIRERT —MEFESR -> £ + WiERF

R-CMNM Fast R-CMNM Faster R-CMNM
IZEVIEEIE Selective Search Selective Search RPMNRI£E

=gy At
iﬂé;i ;"ﬂ CNN+ROI Pooling

R-CNN Fast R-CNN Faster R-CNN
Test time per 50 seconds 2 seconds 0.2 seconds
image
(with proposals)
(Speedup) 1x 25x 250x

mAP (VOC 2007) 66.0 66.9 66.9
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Recommend
KIB SR

B suEs

SKAMIT pedestrian detection database
HIFVGG16fJFaster RCNNZEISLER

Faster RCNN{T A& MIZEER

MR EE R LLE 2], Faster RCNN X B bR B A B i roAs: i 2k 5
HXF NEBRES, hEescg i AaTssim .
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KIGER I

GALIE=ivEi Sy

Thanks for Listening



