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SLRRESS (Deep Learning)

= [l tats

http://DeepLearning.ouxinyu.cn Bf5rt&il (Detection) EXE=E | ouxinyu@alumni.hust.edu.cn 5/269



SLRRES> (Deep Learning)

1 BRI HIE X
What is Object Detection?
Elt5t&illl (Object Detection) NiRA¥irtailll, BEEIZH 115, —BRAlL

LL

FGPFERR, —REEMRTEERGFIAUE (4FR)

o (F55—, SEGOEEA—, BREFERSoftmax/SVM/Z{ER X FEL H BiraI3E5];

o (I3, {SHBERNALIRIE, BEFEHASMooth L1 Loss/L2 LossEITHBRIE
(Bouding-Box, BBox) HIEFE. HFRESIMIMSEH(X, y, w, h), Ef(w, h)

EBBoxBIE, (x, y)EBboxfI(/E, LB EAEAERO, 0),

HirtellgfERe BiRRaIFNZ BiniRalmt, ZEmRBIEZERNZEHTE BiRRY

LRFNM IR, ABREN. TARN. FEHREI. FHiE. mRREIEEE EHIRG

WY WESS.
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SLRFESS (Deep Learning)

.2 BtrteE BRSNS

EEREMAEERERT

® Pascal VOC
ITEYARIuEZFZE (2005-2012) , B3A. FE. . BF20Y1K, Pascal VOCHUESER
kA, BEEEFEESNBREE)> (<10) . http://host.robots.ox.ac.uk:8080/pascal/VOC/

® MSCOCO

B FFacebookZFRWEK GRS, LIZRERANTEBR. ©391%, 328,0005KE H70
2,500,000™MRiE, https://cocodataset.org/

o HzSIREL;

(73

KITTI, Carcraft, BDDV,

® TATEMEL:

(73

CUHK/T AR, INRIATFAZUREE. DukeMTMC-relD. Market150147 AZUGREE. CaltechiTA
HIEE. MITITAZURE
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SCHREZS (Deep Learning)

1.2 BfFS S RS
EEREMAEERERT

Pascal VOC 2012 20 5717, 1.3W+ 5823, 1.3W+
COCO 80 118287, 4W + 5000, 3.6W+ 7.3
Object365 356 600k, 9623k 38k, 47.9W + 16
Openlimages18 500 1643042, 86W + 10k, 69.6W + 7

PaddleDetectioniR{it 76763 (0Object365+Openimages18)IFRiJll5iREL, B85S,
A LA SRS EATuIISGRBEA W SIEE.
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SLRRES> (Deep Learning)
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SLRRES> (Deep Learning)
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%>] (Deep Learning)

1.3 BFARTIESENH

(E55=: EtRtE

® HAN. B T HiHNER

o . S EEFIRIEE
BSE &S] el Ly
vV SISHEMER (AFE) Classlcatlon . Location

3£l (Instance):
YMMFENBIFER, A=
E—RNREERR—IMEN .

Semantic Segmentation Instance Segmentation
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SLRRES> (Deep Learning)

[EEEE W
(3= BIFEN People that say
o A BREABEIREE e ia My onr Al

o fHith: ZNLHRER
RS
v NRIEMER (BFIE)

XJ52E51 (Object class) :

® SCRIRYIE N 3E

o S5ERaREHl, WEBEESFN—p
SEFE
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3] (Deep Lea

1.3 BFARTIESENH

(F55=: Btrtai

o A LSS BHNES x ) "
o i S ThIEE ' "

v 5@%7:73]
v WURMELER

[ARATEX

(INFHE)

HRIE (Bounding box, BBox) : (x1, y1)

® [RBSCHIGBRINIHE
o ZHSHENX

v (center x, center y, width, heigh)
v (%, y, width, heigh)

v (x1,y1, x2,y2)

http://DeepLearning.ouxinyu.cn
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SCFARESS (Deep Lea

1.4 MK SRS MR REN
e = Lol R e 2
2014-1017FRIE S NEEN TIFEEE TR BFUATESR (BT SIIRENE

RYBTRa)

® R-CNN ® SSD

® SPP-Net ® YOLO(vZ, v3), PP-YOLO
® Fast RCNN ® RetinaNet

® Faster RCNN ® R-FCN
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SLRFESS (Deep Learning)

1.4 M BRSNS REHS
E*ﬁ*ﬁﬁﬂiﬂ%—’l\fﬁﬁﬂ Detection History

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

2013.11 ICLR’ 14 CVPR’ 14 ECCV’ 14 ICCV" 15 ICCV* 15 Iccv 15

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

ICCV 15 IOV 15 NIPS” 15 CVPR' 16 CVPR 16 CVPR' 16 CVPR' 16

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

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

CPE —» MS-CNN — R-FCN — PVANET — DeepID-Net— NoC — DSSD— TDM — YOLO v2 —

ECCV" 16 ECCV" 16 MNIPS" 16 NIPSW" 16 PAMI" 16 TPAMI® 16 arXiv' 17 CVPR 17 CVPR 17

Feature Pyramid Net(FPN) — RON — DCN — DeNet —» CoupleNet— RetinaNet —+ DSOD —

CVPR" 17 CVPR 17 ICCV" 17 ICCV" 17 ICCV 17 ICQv 17 ICCv 17

Mask R-CNN - SMN — YOLO v3 — SIN — STDN — RefineDet » MLKP — Relation-Net —

ICCV" 17 ICCV" 17 arXiv® 18 CVPR 18 CVPR' 18 CVPR 18 CVPR" 18 CVPR' 18

Cascade R-CNN —» RFBNet —» CornerNet — PEPNet — Pelee - HKRM — R-DAD — M2Det

CVPR' 18 ECCV" 18 ECCV" 18 ECCV" 18 NIPS" 18 NIPS® 13 AAAI" 19 AAAI' 19
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SLRFESS (Deep Learning)
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%3] (Deep Lea

1:F1mah= (Evaluation Metrics)
BfrtEill - R

3 PNGround-TurthiZ5R+E
HANFILA SRAE

BB
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0 PSR RFHIRIL
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3SFHLL

(Intersection over Union, loU)
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w3

#EF3 (Deep Learning)

1.5 ¥Fi¥gfx (Evaluation Metrics)

‘QTE:
O 221 Ground-TurthiZ5R+=E
O 2 FlA5RHE

Saith :
O 81 Bfr&aiti—1 oV
O 3E1YloU (mloU)

garan s
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SCFARESS (Deep Lea

1.5 1:F1m5h= (Evaluation Metrics)

loURNITR R A
Pofic: LATNREERWERN AE (True) |, 12 AI1ERIR

1. EFGround-truth box¥OFEboxMloUEF— N =B E(threshold)
2. Ground truthZSBIFIFARYZE B 218 ERY
3. (XEE1XT1HIITHE

SHICEER AR (False) BY, iCHtEIRIR,

Ground truth Ground truth
Example
Threshold=0.5
bu=0s8 Jiull lou=01  Fig;l
B (1IE) B (%)
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PAEIRBEIZa6, #EiRPY4MER:

® HIF (True positive, TP) : 9%, EfRMmEDRZN

o {fzfd (False negative, FN) : FUAZEN, {BXfRrmEEM
® {RIE (False positive, FP) : Fulll/9¥, {BChrimEAEN

e Efi (True negative, FN) : FAZEN, SCAREAZEM

® #5fAE (Precision) = TP/ (TP+FP)
FUNAERNEAPEZ/DZEIERIEEAR, §4: Full B E/R 918 -
HOREAER (TP) TSRO REAEY HOELA, s gz o o

® Z[mZ(Recall) = TP/ (TP+FN) %’é\iﬁﬁﬁ?ﬁ Egﬂiiﬂj
R IE B A EAOREA ST TERREAIOLLE], 61 TRl oo, | o

LIRS (TP) SRR ReAmLGl.  FERE-—  BE=-
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SLRRES> (Deep Learning)

Aalllc DN IVIE

i8R — PrecisionfllRecall

B INXHERE MEITRBIEIRES) 4R ¥ —MRELA, 1Z&UESEE S 300 9#1200 1 E.
RigEREREARTEHEN, SHENH150%, HHP100RMESLIREEH, 501
MNESCRES 2N, FEENEH3505%, E200 RPESLREEM, 150 RAVESIIRES
2. 10, REANXTNGERE. GEER. EREoHIESD?

v {5RE = TP/(TP+FP) = 100/150 = 66.7%
v B[E= = TP/(TP+FN) = 100/300 = 33.3%
v B = FNXSES/ErE = (TP+TN)/Total = (100+150)/500 = 50%

v IRBARNGSHERSR = (XTFIIRNERSR + X FIuaHEiREs)/2
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SLRFESS (Deep Learning)

1.5 ¥E{igtTs  (Evaluation Metrics)
TSR — APTASIEE. mAPFISIEEIIE. F1-Score

T
M7

0_9; . - RSV N . S— :gg PY P'RE?%: L\)\PreCiSion, Reca”%g}\kﬁdﬁ_ﬁ*ﬂﬁﬁ%*ﬁﬂgﬂﬂzﬁ

o IH5[E (Average Precision, AP): E—3P-RHZ THIER
R = KAICHRT B AEHRE

=TT RCREAR
R SNUREATTEN N TIEE (n-ITRAIE)

e o EiJt5EI{E(Mean Average Precision, mAP): Frg35l

o 06

:::: Dﬂc::lons Con::inces !lP F: Accl TP Act;FP Prec:ston :::: A P Eg SlZi’}j
- KA N AE R E RO A
N — iR = T R ISR
image 1 ) 88% 0 1 2 2 05 0.1333 %kjéjnjuagéﬁ
image 6 u 84% 0 1 2 3 04 0.1333
Ima:P 1 Cc 80% 0 1 2 4 0.3333 0.1333 ’ F1 ﬁﬁ (F1 -Score)
image 4 M 78% 1 2 5 0.2857 0.1333 _ *%Eﬁmg . jmj @g
Image 2 F 7a% 0 1 2 6 0.25 0.1333 -_
Il'l:: 2 D 1% 0 1 2 7 0.2222 0.1333 1 *%E%}E + jmj @g

N - —
mer 0o e e SRR F1-ScoreRARIREIA ORGSR
image 5 P o2% 1 0 4 g 0.3333 0.2666

http://DeepLearning.ouxinyu.cn Bf5t& (Detection) EXE=E | ouxinyu@alumni.hust.edu.cn 25/269



SCRRESS) (Deep Learning)

.5 1E{Nigtrs  (Evaluation Metrics)
Pascal VOC mAP #1 MS COCO mAP

ARMSIEETESAERRMAPIHEE, XEFRBANFEPascal VOC
MAP #] MS COCO mAP,
® Pascal VOC

Pascal VOC 20084 floUsHE /0.5, BENFTNAEFIESCAERYIoU>0.5A1FF

A

® MS COCO
MS COCOXHKXg]EEITREmMAP, BligEIoUM[0.5-0.95]1K 8 &7 0.0511&
—IXRMAPRYE, FAERTEERINFIEFENZREZNER.
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SLARESS (Deep Learning)

1.6 EFERHEMERIB RSN
BiFEl - BEIF ganmmar TAH
X% 4. (x, y, w, h) 5t (4+1)

i 13 dense | [d

| £
] €

128 Max
poaling

g

0A%

ks w a'@ (XI 1 WI ’])

SOUE H0 oy, w by | 15N

e R X (v by aap 3*(4+1)
3 Xy, w, h)

128 Max
poaling

l

g
g

W = BBF: (Y, w, h)
VT BE (Y, w, h) S
- dense’| [dense ﬁ_%?: (X’ yl WI ,-])

128 Max
pealing
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b eep Learning)

1.6 EF &0
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R ] = L el

BtRtEill - 2 Bin

BECNNN FHEE
BENEIEAR(E

FEARYIA L,

BEREER).
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/
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E*ﬂﬁi‘ﬂﬂ - ZBtR

RBCNNNARZEIE IR A £, AFIEES

. f—| | ER TR AEERESR).

. \
ol g 5@? NO
3 JE? Yes

H2? No

A: EERBCNNEABFXAXENMNE. REFM
KZELE, SMELTEEREIEES!
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SLRRESS (Deep Learning)

2 =Ea RS S
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w3

RES3) (Deep Learnin

IHFRE
2.

T RARGIER

5 B RTge HINAY
WX, BEERARE
RYAEshEn, &4
EE G R ELi%
BVfzi5 X 1af,

BONE
EdgeBox, Bing,
Selective Search

http://DeepLearning.ouxinyu.cn

FERIFS A

(R BIFSNER LR

y

FS1IEH=AY

X (G X BOHATHRAER
BN, SfEEneE. S0,
TEFHE. HES,

SIFT, DPM, LBP
HoG, Harr/)\Jf;

B#5t&€ (Detection)

,

eSS

TR REN AT E B —
MR IEX R X 18
FHRATHEH TR,

SVM, FEHLERM
Adaboost, /RER
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& OISR S HERSRAEEE

(FRiEXIGAYERL IR N XIiE2 (Region Proposal)
R HYI AR 82 = (Region of Interest, Rol)

A

2R (Recall) FO¥EH

E (Precision) XZ&IREX.

100% A

FRlR

%

—

XN, BinE/=rEe

HERSRZGNERNA

BERIEEE (Ro)
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SLRRES> (Deep Learning)

RYEORE
BGRUTAM, FFEKER0l, BH

U, FERERE.

Selective Search
EeZMEaeTE. sGEEER, @B
X RUZF AR & IR BN Bir. 15
HERERIEREEN RS

http://DeepLearning.ouxinyu.cn

B#Ft&i (Detection)

Bing
{8 x 83y —H H 1T H b EIR(ESC I
X (WR) @, Z5E
, {BIEREERTERE,

EdgeBox
I flEbox NRYEC ERE S box
NZESRNAFELI BN, %75
RRERR, BHERESTHEHERS.
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2.2 Y54FIZEY
T EHFS MG AT

EEFZBEMENEAELSES, FHHEBRIFAEE ARG RERERMTE.
FKUSZFEFEEN (SVM) | BEFLERM. AdaboostZFHFoZSeaRYIEaEEBLLRNTS, HEik
BN R RFERNERENRI,. AMEFR D 2RI FitisE, B
ABEGHETE, LINEEEFIE:

o AB&IRAI: Harr/\K
® TAIRR: ZREFZTEHMHEEIDPM, BELSHAESEBHG, Bap—iHEtELBP
o BHHIRA: REATHHMETHASIFT, Har)NgE, A%z, e, 838, ARF

-—-
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SLRFESS (Deep Learning)

2.3 {5 Bin TR
(&5 Bt NF{ERI )RR

® ST

EgtlssFIa0ER. FEATLMNEGRFREERNSIEER, ITARNSER
WES, FEVSIEREREERAERNTIE, BREEZRERKRK. ZREEE
iR E.

o SRES
EHRApESRABNIEONEGHITERD, EEGRD ASTREFMANIXE, 2
R TIRBEIER, ZaRREIIE, BHERFRNETZESESREEES.

http://DeepLearning.ouxinyu.cn Bf5t& (Detection) EXE=E | ouxinyu@alumni.hust.edu.cn 37/269
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SLRRESS (Deep Learning)

RIERA

3
=
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SLARESS (Deep Lea

3.1 %H,JE (Anchor)

tH R
SAELE RE1 RE2 RE3

Anchor Boxes WISMER ", [ ‘ |

netE/$Es (Anchor Boxes/Anchor) i e ) e | ‘
BN R BN SR, EEERET  wean )
NEEFHAER, LALGEFESRISEE, it O L

- S

SCARR AR, FFEE (AE) LS SED
FABER, FRRERZDTRN (3-57:
32, 64,128, 256, 512) . tbfil (1:1, 1:2, 2:1) &

BIAFNAFRIE, XEEREANchor, y
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EX%3 (Deep Learning)

; HsatE (Anchor)

tH R

Anchor Boxes
5 LE e :E |:|:|’ é:[@’\ IE@\ g§@1ﬁi€
: = . =HhAnchor, BfIIIAIE
J - B, 8fAnchorX &iF=F#
] & AELLHFIRIANChor,
: e S g MIEHRERI Mnchor,

SRR R BT FANE E s RIFU E L ZEEAYE] 3,
=> FkIE—L N RIERNR, FELER_EHTEF)E, BFEEMNLREAR
=> {F LM EXT I T 28 0 FIERDE

/1

XERY (]

&
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RES>) (Deep Learning)

31 fmefE (Anchor)

B FIESR7

Bounding Box Classification

o WFHMARIE
O FR_EXXEHRETTNEESEE, FEEE
EHRANEE/NE N ZE5(Semantic)# Tt

O BEERUMERPN), SISLBERTFEN
%5 (BIEEER) Has—NEEE, PR SUELD
&59Yes or No 00 | N 1 8

O RPNRIEHHETIR I (Objectness) BSE, - gl e OO
SRS cont s e

O E/HH , %Bﬁj\l)(—)ﬂg§1§ﬁﬁSOftmaX?E%%E{’%:{Eﬁ (a) Image with GT boxes (h) 8 x 8 feature map (c) 4 x 4 feature map
X, EfEHsss!
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3] (Deep Lea

; ‘f‘m,mﬂ: (Anchor)

A FRHERIE

Bounding Box Refinement by 24D,
Ok o

® 57 (pP ;dw(p)
O 7 IR0 (P, py) ]
O $#4-1ERE (pw, ph) 5|
o ifith: MSUEMEMEHE 2
O (&R

=( - ¥ . = - ¥
O XJERELeH) X,
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SLRFESS (Deep Learning)

3.2 {SAEEFIEMEE (FPN)
I FIEME

Feature Pyramid Networks 5 é
_;;, ) ‘predict
S

[ FIEMEL (Feature Pyramid
Networks, FPN) ZSirERSIRMEE NSRS
BImmE NRlieEsR:, SClZ RIERVFIEER.

predict
¢ IARNEIENERFE, DR/, RZEFX, predict
> predict|

BEERBIAAHR, RiENEDHRKR, B

B/, EEREE B b BTG, HHEER T
N o == —_ . ES a4, an % Et'? M 5)~:
o FPNILH N\ EIEEE TS, BRTFREEE . mresmn @rmERiml

s, JLFAEInTERE &S RRTH T AR RERRISEN
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FiRES3) (Deep Learning)

3.3 JERAINE (NMS)

3 EtRAHD

Non-maximum suppression

FlES R e e & 2 1 X B —SCEIRYF,
=> BRRAEZE, FLIBERTRAYTRN,

Before ARRAHIH After IEIRAHIH

BPGix:

1. WEArETNER, REEEHTIEFRR

2. FE—TEHAMNEARES

3. BT SHEIARS ™~ EE
S RUFLN

4. BN, F=mirml A RARES

I

, MEF
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

http://DeepLearning.ouxinyu.cn

B Ak AR B RS

/ R-CNN

/ SPP-Net

/ Fast RCNN
/ Faster RCNN

/ RCNNZEAELZRNEMN UL
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SHFREZES (De

4.0 BFFEMERTS EOEITIST

AAISTFeliSTE R E?
I F a1 eSS ERITTEN?
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SEFARESS (Deep Lea

4.0 BFFEMERTS EOEITIST
A IRHTES ERTTEN?

Ex—¢] S RS T
[ [=1[-1]01] | s J f L a g Hﬁ’ﬁﬁ%ﬁﬁl H %kf}ugﬁﬁlﬁ
ECEFR

SHHFLERNESR
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SLARESS (Deep Learning)

4.0 BEFAHERLZNBEFSN (XikiksEF)

O AT B RO T ?

eTcRs | W

EINl .
K EAmRE) SRR
S Y= =KVINPZVs] -
NN RRIESGBiR
JRFRD A HAgIEIR SCElgTE, FHEREH
EHEEA ‘ saERE-u | ZAEF
AREIEER =
{THIRE SRR R L
ERREAAT TREF>] re

BT | ‘

ConvNet, SVM,

#Bbox [@] 7 = Rol Pooling
2 BRI 145
X 4 22 I AR RPN

ERERIE

FRVNBE K
7l W S [
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SLARESS (Deep Learning)

4.0 BEFAHERLZNBEFSN (XikiksEF)
eI eSS ERITTEN?

Case2: 215885

1. Bt & W ixeehE L AEES
2. RANFTHE i — IE— - FE—
3. &R, EH g D B o BT — 4
4. E—TEE » HEZ - %=
s mE—my B ol FTERE L4 S FE= | BA=
N 2 1
6....... W FafigEdE B R
TR %
W EER S SHRREE

SLER TSR, FHEER
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SLRFESS (Deep Learning)

4.0 BEFAHED AR EREN (XikikF)

4

2
., SPP-Net - - :
(2014) Ross Girshick Kaiming He  Shaoqing Ren

Kaiming He, Xiangyu
Zhang, Shaoging Ren,

Jian Sun
Microsoft Research 4.5 RCNN X5 &5k
| R A
4.1 4.3 4.4
R-CNN , Fast R-CNN . Faster R-CNN , Mask R-CNN
(2014) (2014) (2014) (2018)

Ross Girshick, Jeff Donahue, Ross Girshick Shaoging Ren, Kaiming He,
Trevor Darrell, Microsoft Research Kaiming He, Ross Georgina Gkioxari,
Jitendra Malik (:j'rSh'Ck: Jian Sun Piotr Dollar,

UC Berkeley Microsoft Research Ross Girshick
Facebook Al
Research
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SLRRESS (Deep Learning)

R-CNN
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SLRFESS (Deep Learning)

4.1 R-CNN
{sEFBBox[E]At51E R-CNN EQEZS ,E‘ E*Eglg

Rol A(x,y,w;h) | Bbox reg || sVMs | (EFISVMSIIE X | iqeg .-
g ToEE
| Bbox reg || SVMs M 1. ﬁjlgﬂiﬁr ! ﬂmmfﬁm
i it C Nettt s %g 7_L l_'fTNZk/)\HU
Bbox reg][svMs] RS 17 Cony il (e85, SIEE 1%k2ﬁ13$
5 G Conv t y 2. X EfEET S
E = H
Conv et Tt swmEEexe | 204%2d BWHCELRE,

> (EEREmEEs | KEERE, SR,

Net - (224 % 22MEE) 3. ConvNet, \SVI\/I%I:IB\BOX
- = AREE )5, Tk

yra— EEJZ( ks |4, XEENE AEERIE,

EﬁA‘% srarchies for accurate object detection and semantic segmentation”, CVPR 2014.
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SLRFESS (Deep Learning)

4,

R-CNN{F REEE

3. SRENx1EHERT 4. FHERFEHEFRTT DR
CNN4SIE P aeroplane? no.

person? yes.

tvmonitor? no.

. iR mNEBREE, {EFESelective Search& i ~2kEIRols;

1
2. (REXIXGEHL: FRolsFai(Warp)ZIEIE K/ N224 %224,

3. YHHRE: FERGIRMEMNZBIREETROIAJ40964E4FIE(FCT);
4

5

. RERIRS S FRYIZFRISVMITIX ~ 2k IR EH{TH3E
. IBREE: (EAZEET28(Bbox Reg)RAGEINNE, B ShlEFE—ZMERIF=S,
6. FERAHH: JTEFPSHITNMSEIRTR
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> (Deep Learning)

4.1 R-CNN

R-CNNRIE R IIE

E $
1. IREYRZEX 1
R-CNN: Regions wu‘h CNN features — - -
= ﬂiaemplane? no. | 4'! L
""""""""""" ;_ : , “t | &
=n -blperson‘? yes. | .. ‘
CNN : w . (Y
1 % L -l qltvmgmtor‘? no. | n— == = ==Iln‘= I ‘”

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

o kiR HiEZT (Selective Search, SS): RIEFE. 40

A 282000 M1y
® {F{ERYIA)ER
v SWTFEIEE
v IFHEFES

| ROM=AREARIAERRE

LLT

EX1a, (Region Proposal, Rol),

%, 1ZEXRegion Proposal EEEIMILSER
EEXRegion ProposallVFHIER Z R KERFIEMITTERIR
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SCRRESS) (Deep Learning)

4.1 R-CNN

R-CNNRIEFIEE
2. i—RJ

R-CNN: Regions with CNN features
= 9= warped regmn

e

"ﬂ

aeroplane? no.

o ‘-.-_ i ] -
= G =B person? yes.

tvmonitor? no.

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

o [Xiz#i{#i(Warped region):

1BidSelective SearchAEpkAYRIEXIEHREARR, SCNN(AlexNet) A~ FtE, REHR—E48/91EERY
R~ (227x227) .
® TF{ERYIIRR

BAEEAIRIRegion Proposal BaA%—RY, BB IMCNNIZEYFERIRE.
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> (Deep Learning)

4.1 R-CNN

R-CNNRIE R IIE

3. {SHIEHREY
R-CNN: Regions with CNN features
o :_g warpid r?‘g}?r_l ______________ - g 2eroplane? no.
i-b person? yes.
| . p - | :\h tvmuni“tor? no.
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) NN features regions
O 4§?IE}EE!(Feature Extraction):
(EIEEEET AT BHRE— T EIEZEFCTIE NN XERFLERE.

® F{ERIIARE
FEFMERBRRIERYHERLITEZ200GRITFHEZSE,
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RES>) (Deep Learning)

4.1 R-CNN

R-CNNRIEFIEE
4. Xl

R-CNN: Regions with CNN features

aeroplane? no.

person? yes.

tvmonitor? no.

N A g -

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

® [Xis3J(Classify Regions): AENE (BIFEEFER) JIG— 12 =803FREN.
¢ F{ERYIARR
v SVMEEEMHTIEZ, NEEZUERK;

v BRAIEERMIZR, JSHIE0EM, SREXNELR BE M ITSVMO K EFEREHE
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5. B F =MD

R-CNNRIE R IIE

BIFI—HMIRGIKRR, WiFERRXIERIMERTTEL(Refine).

B G: E3C¥R

m P: Rol#t5r (Selective Search3k8

B (ZIEERISR

F3—HIRGIRR |
Rol ( , , , )#l
GroundTruth (

ZAER.

LAz

)

http://DeepLearning.ouxinyu.cn
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SLRRESS (Deep Learning)

SPP-Net
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%3] (Deep Learning)

4.2 SPP-Net

SPP-Net (A FZES15E

FTXIR-CNNRIF Ml : 1), BIREGEFERIT~ 2kRBIBIRER; 2). e XE,
BHEEHFABEERIWIER, [FHASARE FEREFIEWRE(Spatial Pyramid
Pooling, SPP).

SRR

Tlg—a| = U
=l | e 1000

4006 4084

SEERE
| BH=
B N
SPP-NEt ‘ Tt [ “’TQ “] . » @%D ‘ 1n|;|m
IEIZELL*& NN ot . 4006 4006

ZQIEIzER}"_ J/ Poolin

K. He, X. Zha.s, d Pooling in Deep Convogutlonal Networks for Visual Recognition. ECCV 2014
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(Deep Learning)

4.2 SPP-Net

FREFENESFRIE

2iEEE
zgﬁﬁj?\ﬁr;/ AR (Ax4+2x2+1)x 256 4E K=
D gRJE'LJl Z I ...... __A—____

QR ﬁ-:)n\u.l_t I N .-
=i 4 AxAx2564E $2x2x2564F 4 1x2564F

O £ E&IEY
e g g // /
o SEHL e i A
’\lEﬂé—?—i W E

O WL E =S
%ﬂ/\ _J"/ﬂ-.E.

e EAWarpEE - Region ' Convs
2 ([ EERY)

P/roposalf}E—)/iJUFEﬂEl’JRT == 4 BHE
=2l 7 CNN$FHHRE R =, NG

y. ¢t K. He, X. Zhang, S. Ren, J. Sun. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. ECCV 2014
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iREF3 (Deep Learning)

4.2 SPP-Net

RCNN vs. SPP

R-CNNAJER=: /98 Region
Proposali BF e RERTLT

IR

{RXIE, vs. FHIEEXIE, BRI RS,

feature

feature

feature
feature

feature |

U

SPP-Netfypdidt: — v 412
TMEGANFE, AREREE LR
BUAERIRoIX

v

’érllaéﬁjcé’g@ljﬂ ilzooo/\p@e& S EE élp_;%g_/l\mw /D T R RHIERORT A
FERAEEAnATTIEE e - 7 AT HHENEE

K. He, X. Zhang, S. Ren, J. Sun. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. ECCV 2014
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)R

SPP-Netfiftth =3t

(VNS SIREERERIHT - 2ORRTIEE. SEEEAL13D,
FI IS TR AL (SPP)STH T IR A BB RFIMEBMIEGH, Bk
AR T B MRS,
@1 RAFEREEATLN224x224, BTt H,
TEHEFEBHERR TEER JHmARIEE
%nvNet SVM#IBBox[a) 3722 5441147, %;#E—nﬁéd‘%ﬁ, IR
AR REEST G, BEREE AR R R hIANSE.

(W siszivssoz

ngiﬁ'rﬁ o

K. He, X. Zhang, S. Ren, J. Sun. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. ECCV 2014
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MR-CNNZISPP-NetflhdiEa9344,

. EREIERXEL: WARGER, ERASSER

~2kHAJRols;

. (RERIEGEN : 15 Rols45 R E E AN

224%x224;

. YSMHERN: (ERESIREEMEIRENETROIRY

4096HESFAIE;

. RiERIES R ERIZREFRISVMITIX ~2k

HASAEREHI TR

. AREE: (ER%MEREFES(Bbox Reg)kis

EIE, B SRIEFEE— M MERFES,

. AERKHDE) . EPRHAITNMSEKIRTTR

1.

HEplREXIE: WmARGEIG, (FRSSER
~2kHJRols;

JHEREN . (ERGRME MR RNENE G
HIYFAIEE

AR . FIRIEXEIRGIZHFIEE L,
XS RoIH{TSPPIEIE, BEIEEKERYS
I EHEIESERE, EA0964EFHIE
(RiEXEg I FRIYIGFHSVMITX ~2k
S RIEIF 1TSS

BFRERE . (FRA%4%REISE§(Bbox Reg)Fis
JEIAHE, B ERIERE— M ER]TES,
JERAINE . BN EHAITNMS KRR

http://DeepLearning.ouxinyu.cn
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

Fast R-CNN
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> (Deep Learning)

Z 3 Fast R-CNN
“Fast” R-CNNRIER[RIE{EZEE

{FBounding | Bbox reqressor Softmax N3k
EBoundi g | = | 3954y e

CNN SRR “Slow” R-CNN

@ ﬁ Bbox reg || SVMs
“Rol Pooling”
g (@) o]0 9 }=I Bbox reg || SVMs /M

X 15 &
%mg%}zggiéqj ConV5" q:‘ ?'I-'E Bbox 9 SVMs %ﬁ Conv
(RO'S) Conv Net
f£ConvNetsh

ZITEIEE R
FFMLE: —
AlexNet, VGG, ~ o
ResNet, etc E ConvNet y_ 0\
RAEIR
E‘E?]A{% Girshick, “Fast R-CNN”, ICCV 2015
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> (Deep Learning)

Z 3 Fast R-CNN

Fast R-CNN Z2Z15E

_ :I"ﬁ*}m#e*ﬂliwﬂim%ﬁ—"un—’\? E5RH
R x D::ftu;ax reé}:a[:;or » J__|:Wal’p

Rol
pooling

S layer
= Drﬂiediﬁﬁ‘i SVM » Softmax
DM® Conv X Rol feature regressor regressor
feature map vector o, ok au

1 EEM?EJ_EL'E EINJEGAES:, {EHESelective Search4pk~2kAYRols;

2. 4SMHERY: (HRSTRELMEIREIENEGAEEE

3. Rol Pooling: HREXIEMEIEHFIEE], FH421IRol PoolingfSRIBIERKERIEHE, mHEleEE=E
4. PRFIBFERE: [R2IM2EEER, RS BIEASoftmaxs385(2135)F1Bbox(a]/385(843K)

5. JFRKHIE: XEPEHITNMSEKIRTTR
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MSPP-NetZlFast R-CNNFGlhZiERIZZ

- L=

. DREBEA: FH%MEFE3(Bbox Reg)kiE

. AERKHDE) . IEPRAITNMSEKBRTTR

 ERERERXE: MARKBES®, R |1. EREREXE: GSARBE&®, B
Selective Search4=pi;~ 2kE’JRoIs *E{U,{EZ{E] Selective Search&pk~2kHIRols;

. BHRE: SRR = . BHRE . ERSRHENSRNENER
O TSNy
A RE] < 1|%LE1'JZH9&§JL:Z§U5F—;?LT:IJ: 3. |Rol Poolng S X B IR ET R IHFAEE L,
XIENRolFEITSPPIRIE, BRIEEKERNYS FH2213Rol Pooling BRIEEIERFHIE, &
EHHamEEIeEE=, EEJZ4096ZE%?IE HEIEEEE

. (RERIESHE: FRIGFHSVMITIX~2k | | 4. DERBRIER: E222+102EEEF,
HFHIEREHI TR FHIE D BUIEASoftmaxs32&85F1Bbox[a]|3

EIE, B SRIEFEE— M MERIFES,

http://DeepLearning.ouxinyu.cn

5. JFRKHIE: NEPEHAITNMSEKIRTTR

B

B#5t&€ (Detection)

Girshick, “Fast R-CNN”, ICCV 2015
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> (Deep Learning)

Z 3 Fast R-CNN

154EEBI: Rol Pooling

/ Hyeaj;tdz N iR Ml Q WHAR512x20x1589R
EIFFAEE EREHEIEE KR (512x2x2)?

Answer:
1. fHERIAE, ERolXITFEIGTH
YFEEIRIMTE
AN U 2. FMIIgxIoD S (KE) fHEFH
BAER ESIALE 2x 209 FX1E, HARRE XIS

(e.g. 3x640x480) (e.g. 512x20x15)
OBIE RIS EEIFIEENFIE, AR

BEHEHEREEE.

How to ensure? ... rcan icov 2015
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> (Deep Learning)

Z 3 Fast R-CNN

1S1EFES : Rol Pooling
Q5% (KRB R
_— mams N iR /jz':mxz
I/ g Xt TMax-Pool,
HEHIEZK AR T,

=
X1 4FALE

(here 512x2x2;
In practice e.g. 512x7x7)

W

BNELS ST

(e.g. 3x640x480) (e.g. 512x20x15) XIS EEHERRE, }
\ bas - . BN X REARE
|I:UEFE éiﬁkq:%{ﬁ%ﬁﬁ_mﬂg%%1¥1%§° Girshick, “Fast R-CNN”, ICCV 2015
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%3] (Deep Learning)

4.3 Fast R-CNN

}S5UERES . Rol Aligni\jﬁ- 3 EMask R-CNNHlightspot
1. EBNFXEH IS HEIND R,

/ METlE ~\No “EIE" ! 2 (ERREIHEERRE M RE.
e ) | R
Ty oy
oral bt g(,y)
O *—e bey)
® ®
el | (x2yh) | (y2)
L e e M)A BEPIANA
NG S EURFFLE B HSIHEREE WL H
(e.g. 3x640x480) (e.g. 512x20x15) Asm
2 D3ﬁ1a:o
= max(0,1—-| — |pmax(01—-| — |)
y =L He et al, “Mask R-CNN”, ICCV 2017
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> (Deep Learning)

Z 3 Fast R-CNN

}S5UERES . Rol Aligni\jﬁ- 3 EMask R-CNNHlightspot

Bk N R i
ZIFAIEE]
S XIEER
o1 #H1T7Max-Pool
> oo
X 1EAFE
(here 512x2x2;
S IR R A In practice e.g. 512x7x7)
TGS EISRIFAE
(e.g. 3x640x480) (e.g. 512x20x15)

%ﬁ1ji%%r ROI AI Ig nd:)-l"ﬁ%u—F%& % |3$ | He et al, “Mask R-CNN”, ICCV 2017
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iREF3 (Deep Learning)

2.3 Fast R-CNN
R-CNN v.s SPP-Net v.s Fast R-CNN

Test time (seconds)

Tral I"I I ng tl me (HOU I'S) B nciuding Region propos... [l Excluding Region Propo...
R-CNN R-CNN
SPP-Net 4.3
SPP-Net 23

Fast R-CNN 8.75
Fast R-CNN . o
0 25 50 75 100 0.32
0 15 30 45 60
R - | | | - [A)§E4 : =1 THYE]
e e e el el et e s HAXEZENES

Girshick, “Fast R-CNN”, ICCV 2015
He et al, “Mask R-CNN”, ICCV 2017
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

Faster R-CNN
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(Deep Learning)

4.4 Faster R-CNN

2.3 Question: Fast RCNNEIETTHYEIEZRXIREINES
032 Solustion: (FHRPNEHLELEIRIEE (Selective Search) EAMIXIGEIN, £REROIs

I I Tl e

Binary category
prediction
]
NMS B""-““‘“"gﬂ ﬂu'::’" Anchor box

Rol pooling

PR ]

Region proposal network

Fast R-CNN Faster R-CNN

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SCHEESS (Deep Learning)

4.4 Faster R-CNN

[FHERPNFNXLENX, UECHEIF
RrEFEEZE /RIS

| pmx | | BBoxmEmE

1. (BRI MR E ARSI HE \
(Backbone)

2. FHEREZENMEZE (Region
Proposal Network, RPN)&1{
Selective SearchiE & 1%k X 15

(RPNHead)
3. fEARol PoolingX & &¥ARY
Anchorf TR ConvNet

4. IHRIEX AT 2N B FRR
I8 (BBoxHead)

e 4

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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(Deep Learning)

4.4 Faster R-CNN

XizEiM4E Region Proposal Network
PSIEHIENE GEAK

IEBRI N F—NEER T
=tE(anchor),
_—
b 11| ||eNN
N
T (|
YV

BB
(e.g. 3x640x480)

ES4FHIE
(e.g. 512x20x15)

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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(Deep Learning)

4.4 Faster R-CNN
XizEiM4E Region Proposal Network

BREFUIENEMEERRX

IEBRI N F— T EIER TRV
= tE(anchor),

\\ -
HREAE— I NNg?
» Yes or NO
CNN 1X20X15
f
INEE _
(e.g. 3x640 % 480) XNFEBNMEER, &
/—l\—/\ \
ST g (= E/':\'i) X

(e.g. 512x20%15)

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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(Deep Learning)

4.4 Faster R-CNN

XizEiM4E Region Proposal Network

ERERSITENE MEE=R L
HES— EER IS

(anchor),
\\ » %E/\\\/JZIZZ?E /l\yj-%?
Yes or NoO
CNN 1x20x15
) DRIERSTE
g 4%x20x15
TN I’é‘l@%{ft
(e.g. 3x640%480) (e.g. 512x20x15)

X FFuN I BERIAFIE,
ENEH{TBbox (U BIE1E

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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(Deep Learning)

4.4 Faster R-CNN

XizEiM4E Region Proposal Network
AETET, SHEEBEENLKA

AERNREE, SIEEARE
0 RJE*D-leJtBO
— 1l || meRmE—ws
: . I e Yes or NoO
= | f'[ﬂl_ CNN Kx20x15
o A s B ) HRIERSE

ETUNESES
(e.g. 3x640x480)

IRAEXIRIETEN, XTIXK*x20x 1510

. = e RIERHTHER, SERAL~300
X_}E% ELOI?\GS(CJ:C;;){TH%S)'L — (e.g.%tgtxﬁ) NEAEERROIS.
—PMRIRAYLE,

BEE

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SLARESS (Deep Learning)

4.4 Faster R-CNN
XizEiM4E Region Proposal Network

N4/ proposals

-

cls layer\ t reg layer S \ /

[ 256-d

' .inteﬂ.nediate Ia?fel“_, o7 17 [> _ 20 X 1 5 X (3 X 3)

\ NN = 2700/ ~anchor

. sliding window ) N =
NN N S : 1x512x%
conv feature map
)

512420 % 15SHIFFAEE]

1. RPNRIEEAIIZ?
2. e FHRPNMLZ1SZproposals?

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SLRFESS (Deep Learning)

4.4 Faster R-CNN

RPNRILERIZRRMR ol

1. FARPNMEBMA—NMNEEEE, RIEAnchorflEsL
fEIOURIEXE, #IErAnchor2a a4, BIFET o msesmeosnrmssmnsancomssssnnas .

—— e —

Anchor2IEREARor ke, fgg

o GAEWIKIANchor — TEREA

v IEHEAR: SEE—BSCiElIoURKAJANchor S

S{EEESERIoU>0.789Anchor

o AEEYIIREIAnchor — R

v kA SRTEESTHERIoU<0.389Anchor > a
2. SRREIN: 2 [0z [l 03102
v HERREIS6RER Ao 04 o1 Bl 02
v NIEREAFBENISRAE, SEEENSRARIT 1284 s [o3foslos g
v MEERFEETIRAEE, #MF256 M ER 7|05/02]0.1]03

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SLARESS (Deep Learning)

4.4 Faster R-CNN

Anchor box

® PRPZ: (RFIEEZSIZYIE
osEsmsleElaal = T —— )
v farERlabel = 0

e [O)353%: AnchorBIEIERRIZSE

—— e —

o = - )y ., = - )

o = 7 ), = (7))

o =(- )y ., =C- )

o = (7 ), = (/)

¢ Anchor: , , ,

o EsoiE [ Anchor J\

o TUE , , | ESE | FwiE |

Y Sl

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SLRFESS (Deep Learning)

4.4 Faster R-CNN

RPNRIBRRKES | [ ?
+f NMs et e ] Anchor box E
® RPNMZEHILossitEAT E i
( ) ) - ( ) ) + — ( ) )
Binary Cross Smooth L1
RPN IR Loss 7 FEFOE] AR M osstBINZRIE Entropy o
D : ﬁ%ﬁiﬁgfﬁ;ﬂj{g 2k scores 4k coordinates « k anchor boxes

O : B3 XAHUE iy g o
O FrpRGEER, BUEH0E1 256-d
v 1. "JRAnchor AIEEEA

v 0: &/RAnchorfatER \ ‘\ _

D ie/_J_TIEI Uﬂ éj\i Eg %ﬂ%{%_l%\ sliding window

conv feature map

mtermediate layer

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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(Deep Learning)

4.4 Faster R-CNN

ProposalsiJ4ERk

L]

\ RPNEHJ.__. Anchor
RS E pEFAE

2k scores 4} coordinates k anchor boxes

e R , pE _ 8 ETRHEPRHITEEHSP
med ] e EER T HTRITE
B Ly A il
| \ NI A e N —
A Top-k /' Xt BB RHTTIIE

proposal

conv feature map

proposals

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SLRFESS (Deep Learning)

4.4 Faster R-CNN

{#Bbox Head=CH B7#aill

43R \ BBOXElHRk

v ([RIEXIGEZEBRPNMBER, 7B —— ‘
HEEYMYKIBEIN SR (J0SS) R
v RIERPNRZMEWRoIsEHROI
Pooling&EpE T XEHIFIE, XL
FIEBEER NN D205l (BBoxHead)

ITE &1 RolRSAIFIAFAER)S

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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SEHFEEZES (Deep Learning)

4.4 Faster R-CNN

BBox Head il
Classification ]
[Rol Feature HHead Feature [512,21] — ) Loss
[512, 1024, 14, 14]  [512, 2048, 1, 1] Regression ]
[512, 84]
[ Rol ]_, fiZhs ]—»[ NMS ] » Prediction

® JIIEMER, RoliFEiZRol PoolingM14x 14E4EE1 x 118FHeadFeature, ZABHIEN
N AERIFCRIER D 2= B35 2 Tiull. &faitHELoss, FHITRAERE.

® hi)ﬂﬂﬂﬁﬁz*l]l)IIZﬁ\BﬂEQﬁ_EJZprOposaISEZMEM BBoxHeadf1RPNAYHIH IS EIROIAFRGAYTR
WHE, BEINMSERIRZTTNER.

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks” , NIPS 2015
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SLRRES> (Deep Learning)

RPNRISE)IERTE :
1. MRPNMFMA—NMEE(EE., HR#EAnchor]
HICEIoURYENE, FlEfAnchor2& 824K, BP
FlrAnchor21IEEARorfatER,

. loU>0.7

: loU<0.3

2. IR :
v HESREE256NEEAR
v MIEFEARFRENIRIE, RENEABE 1281
v NREEARFRENIREE, #MF2560MER

BBox HeadiJllZBER:
1. MBbox HeadIN—PEE(ESE., FIKTRPNRXY
RERHIproposalsEE 82K, BIF#RolZLE
BEEARorfAkER,
loU>0.5
. loU<0.5

2. RIFALN:
v RIS 129N
v MIEBEARFRENIREE, RENEABE 1281
v NREEARFRENIREE, #MF51290ER
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(Deep Learning)

4.4

Faster R-CNN

BBox Head AAljLS

[Ro|]\

| TRUAE |

| ELSfE

Classification] \ ﬁ%ﬁ J/
[ Rol Feature I—-l Head Feature [512, 4] o HENE: HLIENRINERGEE
[512,1024,14,14]  [512,2048,1,11 Y Regression | . abel=[0,1,2, 3, .]
512,161 o ENANE: FIE/RolFELIENRBE
- o ==Y , = - )
’ v o= (/7)) = (7))
- o == )Y , ==
&7 o= (7)., = (/)
' < & Rol: , ,
o & =:CilE

& TuiE: , ,

, ~_ CNN: Towards Real-Time Object Detection with Region Proposal Networks”
E?ﬂ'ﬁ;ﬂl (Detection)

, NIPS 2015
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SLARESS (Deep Learning)

4.4 Faster R-CNN

BBox HeadJIRIcERZY

N

(., )=—-+ . ) Z3HEIEA: Softmax Cross Entropy

+| —— (., ) [E] )3 [a) §&: Smooth L1

7

O : oRSZRIFUNE

O : [EESE9FTE

O :FrORGEEER, BEHOET
v 1: RRROIBIEHEAR

v 0: F&RRolAAREAR

O :FrREASZAEEEE

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks” , NIPS 2015
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SLARESS (Deep Learning)

4.4 Faster R-CNN

Faster R-CNNAIIIZ: BBoxHead
i 2 iR pEE, RAHIEH Tl

RPNHead
G IR T
PAEIRE ‘ BBox[a]|3#5k l ROl Pooling

aESE S BBox[@3#%

= +
WIEE, AMREEEGHTIRAIS: &m’@‘y 2z /
X iakgEi 4% RPN _
1. RPNOZRENSR/AZENTS Backbone
2. RPN[EFAFERIRER
3. BBoxHeadf92555380%8
4. BBoxHeadHYUiZFHERYALFR

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks” , NIPS 2015
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(Deep Learning)

24 Faster R-CNN
R-CNN RS MRS BT RIRTEL
R-CNN Test-Time Speed

R-CNN

SPP-Net
Fast R-CNNg 2.3
1Z{TATIE]
Faster R-CNN 0.2

0 15 30 45

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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iREF3 (Deep Learning)

4.4 Faster R-CNN

Faster R-CNN A ZR %15 E

5 shared convs

Rol Pooling FC layers

Input m Feature Maps
1x1]
3x3 conv

softmax
backbone
1 Proposals
bbox reg >L

x| conv

bbox reg ,
FC layers Coordinates
: FC layers
conv softmax Category

classifier

RPN

1. $HIEEE: (FRGIRAERNERBENEIRIVFIEE, ZFHEE# RPN Biro EEIHMEHE ;
2. HEpRkEiERXLE: BHRPNAERGXIEFHEEXS SRR3R SRols()I14:%&E£20004, WxEEE3001Y)
3. Rol Pooling: BZEXIFHRGTENFIEE L, FHEEdRol PoolingBRIBEEIKERFIE, BIHEISIE

&=

EEE, O BIENSoftmaxy2EEEF1Bbox[a]j758

4. FRFDFBEE: 2I2+149 2%

5. AERAHIE: EPHAITNMSEIRTR

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NIPS 2015
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w3

#EF3 (Deep Learning)

4.4 Faster R-CNN

MFast R-CNNZlFaster R-CNN¥fNhIiERZT

1. ERRERE: WANFRBEER, FRASSAER || 1. SR (FRSREZRMNZIRIENEIRE
~2kHJRols; HEAEE, ZASAEE B RPNFI B 5522 E] A 25
2. $HMHRE: (FRGTREHEMERIENEIGHN HE;
HSIEE] 2. 4ppRiERLEE: HRPNFARREEXE, BT
3. Rol Pooling: 1&{&i7% X g BRETEISFIEE L, XIS MEHEFFIRIBROIs (3 I|1ZRAT1E1E 20001, 5
FH4Z213Rol Pooling BRIEEIKERMFE, B MiztiEEEE3001)
HEeEEER 3. Rol Pooling: {&iZ:XEBRGTRIAFIEE L,
4. PERDRER: 22+ 1/02EBES, 15 H4Z1IRol Pooling BRIEERKERMNFIE,
IEB BIIENSoftmaxsy2:E8F1Bbox[a]|358 3| e
5. AERKIDE: MNENERHAITNMSERRTTR 4. PERDREE: 2I2+1/M2EEBE, 5
1E D BIIENSoftmaxySE8F1Bbox[E] 758
5. FERKHPE: IENEAITNMSERTR

Ren et al, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”, NTPS 201
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SLRFESS (Deep Learning)

4.4 Faster R-CNN

ety B RSN E RS
Faster R-CNN ZE— 1 \BZRXT5 13128

F—%: 81BBET—IX
® FTFMZE (AlexNet, VGGNet, ResNet)
® [XIFFEIN LS

pRE | BBodERM

N,

SR \

BBox[i]|3#R5k ‘ pooling

-

»

B BIMEEET—IR

® 1JJEIHE (Rol Pooling, Rol Align)
® FLNXISEA!

® FulllBbox{m#Z= (Bbox f51d)
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SLARESS (Deep Learning)

4. BFARMERTEREREN (X1kitiE)

SEEEE-2k =T
REENER

TESTIERR MESERE

B

ConvNet, SVM,
FOBbox[E|FFEE
BRI ||k

XN EERIE

ERIE

Rol Align

Rol Poolin Fast R-CNN

XIEFRIN M 45RPN

Faster R-CNN
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SLRRESS (Deep Learning)

RCNNZRHEEANHF UL
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> (Deep Learning)

4.5 RCNNRFUEEAGHM ML
A ES BT T B A B

FPN
RPN \ Cascade R-CNN
Rol
\ Libra R-CNN
Data Preprocess ~inputs— Backbone Er%[:pﬁ Rol Align — BBox Head < Mask R-CNN
Bt Faster RCNN RFCN
Light-Head R-CNN
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FEZ3 (Deep Learning)

4.5 RCNNZRFIEERGHM L

HEEFIERLE FPN

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection. arXiv1612
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SLRFESS (Deep Learning)

4.5 RCNNRIISERIHB MM
PR EnHTREFPN —

/ Rol
\

feature

g&gﬁ?tﬁﬁﬁgggmm“z;ﬁ*d\RE%WH{J&‘%’J Data Preprocess ~inputs =+ Backbone ——>= Rol Align ——| BBox Head

(a) Featurized image pyramid: S A\EBI&
TEREARRE, (ERZSMEEHITITN,
(b) Single feature map: {XfEBE&RE—=8Y
Y E AR EY S SR RSN ;

(c) Pyramidal feature hierarchy: 81\2%%
5o BTN ;

(d) Feature Pyramid Network(FPN): &4

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network ﬁ%ﬁ'ﬂ%”fﬁi&ﬁﬁﬂé’@ﬁé&ﬁiwo

S A—{predq

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection. arXiv1612
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(Deep Learning)

4.5 RCNNRFUEEAGHM ML

B _Ef FRhEEFIEREE

—>»{ 1x1 conv

FPNREFIEFMSHEEMY, HMmANETT
MEERERYEIL; FIEHIT EXFERBS E—
EEHEEIISZIFPNAYHIH,

http://DeepLearning.ouxinyu.cn Bf5t& (Detection)

conv5 (C5)
stride 32

conv4 (C4)
stride 16

convl

stride 2
—— HE@E
— AEAET
—  fEEE

ResNet+FPNZ&RLEH

k, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection.
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> (Deep Learning)

4.5 RCNNRFUEEAGHM ML
AAFPNIERE IS L

N FPNEMIHER TR
\ JERVHESI MR 4ET, Hi
Data Preprocess ~inputs = Backbone fe—r:[aupﬁ Rol Align » BBox Head Uy NEATE . RPNIE
it Faster RCNN RFIRol AlignfRIREVEIA
1RBEFPN, B _FEHY
RPN N BBoxHead {5442,

Rol

AN

Rol Align — BBox Head

"

Data Preprocess ~inputs-> Backbone —| FPN

Faster RCNN + FPN

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection.
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SLRFESS (Deep Learning)

4.5 RCNNZEFELERUEMITE
FPNZIETRIRPNRILE

% RPN
" N
/ Rol
Data Preprocess — inputs-»% Backbone f FPN Rol Align » BBox Head
icon — classification __
1. Anchor: feature map —— cﬁnv < 4
conv;‘ regression

(32, 64, 128,256,512} => { 2 2 4 & o (e
2. RANFEEISE AN Head IR, HEERE  (emss conv‘f<‘“°°"v e S
R}'E‘_E'\Jﬂ%iﬂ‘li convj—» regression

3. RPNMERIFTNEERFIANnchorfF B8 2IAY o <;conv‘“ classification |
feature map — \"onv ) )
Rol&H ITH " conv | regression

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection.
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iREF3 (Deep Learning)

4.5 RCNNEFIEEAGRM T
FPNZ#3TAIRoI Align

/ RPN N
Rol
\,

Data Preprocess —inputs =+ Backbone —| FPN > Rol Align » BBox Head

P, A& RoI D BLEIARIER?
Rol_lvl; - BFPNIF I EEFIEELL B G E
o T, REEIRRX RS EHI T,
) |
Rols Rol Ivl, . - ﬁ> = o+log, (V /224)
®  DRIER
P,

Rol Ivl, Rol Align * o Ek=
o : MRYT

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection.
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> (Deep Learning)

4.5 RCNNZRFIEERGHM L
FPNISERAIHER

BackboneBF R4S  MILESEEY R G

ResNet50 Faster 1x 35.2 12.7
ResNet50 Faster 2X 37.1 12.7
ResNet50+FPN Faster 1x 37.2 22.3
ResNet50+FPN Faster 2X 37.7 22.3

B2 FPNAVIZIN AR GRS T/ NEFRRIFTUZE U TAEFPN AV ZR St

Tsung-YiLin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Belongie. Feature Pyramid Networks for Object Detection. arXiv1612
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> (Deep Learning)

4.5 RCNNZRFIEERGHM L

Cascade R-CNN
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EZ%3 (Deep Learning)

4.5 RCNNRFISSEAGE LA
M ESHEM1EB!Cascade R-CNN

FEHRMMENRSZES, loURTIHNNGIEZ BRNESREE, loUBNEBYESROISAIFE
ER (Precision)fIBEIZER(Recal)BxK,

Faster RCNNRYIEGRIFATE N AN :
o HEFAnchorflIEiEloUPLHL(H i e
loU >O7?9IE1:$2|§, loU <O3?§ﬁ1‘$2§ m (a) Detection of u = 0.5 (b) Detection of u = 0.7

o HJFRolFIECiEIoUNTENE
RPN \
Rol
\

loU>0.5A1F#FA, loU<0.59%FEEAR
Data Preprocess -InputS-H Backbone iCaAIE) Rol Align — BBox Head

Zraovvercar, NunoQ/ESCO ceros. tascaue R-CNN: Dervmgurto rgrrQuality Object Detection. CVPR2018
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EX%3 (Deep Learning)

4.5 RCNNZRFUESERHIM AL
Cascade R-CNNijloUS#R

Localization Performance Detection Performance

1 H | [ ! II ] I [ - 0.6
0B85 1 | 2 I 3
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| |
— o : o4l
O os| i s
S ors 1 - < 03}
= al’
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e | ‘ : e osk [=u=0.6 (AP=0.354)
i : | | “—ﬂ- = —=0.7 (AP=0.319)
; - - | =), 7 i i i i f L L L
0s i I:ll:I.S- .55 [+ 17} DUES o.T L4 B o.a 0.85 o9 35

D5 055 068 0685 0OF OF5s 08 085 09 095 1 ol Threshold

\ mpution e — | S B A T B R RS TR
v il : RPNAERHIRoIFIE(EERIIOU
v . £ 3FE R ExBBoxHeadB2IAVHTAIBBoXFIE{EIERYIOU
/B (AR oUSIE e R e @
-> £5ig: RolWMERNIGEEI5MARERNIEES, I5aEn (SRS METIHead s RIS
HEEEERGE., BRI S

ZhaoWei Cai, Nuno Vasconcelos. Cascade R-CNN: Delving tinto High Quality Object Detection. CVPR2018
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SLRFESS (Deep Learning)

4.5 RCNNZFEEZENEMILE
Cascade R- CNNE’_‘]I)V_IQ.:_F.JI"ISI

=
=]
=

1~

C3

(a) Faster R-CNN (b) Iterative BBox at inference (c) Integral Loss (d) Cascade R-CNN

AREBSEGHG T

« Cascade R-CNN
XtboxiFfT=IRMIE, &RXBbox Headl{m
B EFRoIFERSHAE A N1 EZRYROIFIN

 Iterative Bbox

=IRAERT RIS Z N E

 Integral Loss

=R ER TSRk, FAEEAIROI

/ h KR°'\

Data Preprocess -inputs-= Backbone —| FPN —+| Rol Align

> BBox Head

—

Refine —I

Rol Align

> BBox Head

—

Refine —,

Rol Align

> BBox Head

Cascade Faster RCNN + FPN

£naoWei Cai, Nuno Vasconcelos. Cascade R-CNN: Delving tinto High Quality Object Detection. CVPR2018

http://DeepLearning.ouxinyu.cn
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> (Deep Learning)

4.5 RCNNZFIE AL
Cascade RCNN{EBUHYER

Backbone&FM4E i

ResNet50 Faster 1x 35.2 12.7
ResNet50 Faster 2X 37.1 12.7
ResNet50+FPN Faster 1x 37.2 22.3
ResNet50+FPN Faster 2X 37.7 22.3
ResNet50+FPN Cascade Faster 1x 40.9 17.5

ZhaoWei Cai, Nuno Vasconcelos. Cascade R-CNN: Delving tinto High Quality Object Detection. CVPR2018
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FEZ3 (Deep Learning)

4.5 RCNNRFUEERGHM L

Libra R-CNN

Jianmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ouyang, Dahua Lin. Libra R-CNN Towards Balanced Learning for Object Detection. CVPR2019
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> (Deep Learning)

4.5 RCNN RS ARG ik
Faster RCNN + FPNTZERI AR e 50

L=

Data Preprocess —inputs->I Backbone —— FPN Rol Align —' BBox Head |

v’ Feature level => 1ZEE A Elevel YL EAA BEEIEMIFTSFIA? => FPNEHERLS
SFM? => RPNBIRIERRR
v Objective level => BHEIRITHIIRKREEEABES | S BEMENEREFIHITEL => Loss

v' Sample level => 3 H A EEXIEE

z<+
‘m’n

Jianmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ouyang, Dahua Lin. Libra R-CNN Towards Balanced Learning for Object Detection. CVPR2019
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SLRFESS (Deep Learning)

4.5 RCNNZEFELERUEMITE

Libra R-CNNiS et

Rescaleintegrate Refine  Strengthen

BBox Head

>| Rol Align

i
Data Preprocess %inputs-» Backbone =

1
]
iP5

FPN# LI Y EESERVIESE

1. Rescale RE!3—{
BARERBFIEEEIS RER N RFNE AR
FIERNRES —EIFEECARDNRE

2. Integrate EERk

BA— S MSMEETRS: =1 _
3. Refine &%t
EFAnon-local S dRE S RHEH—F 58

4. Strengthen $S4ENN5E

>—¢ﬁl:1J6J=EI’JfFﬂIE SEN I?):J:EI’JJ?Q‘*#—HE #H4TI0F0

Jianmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ou

rowaras Dararriccorear Mg T OojCCrDCTeCtoOTmT TV REUTD

yorg roarmaaT T Trora Ty

BR#ER=F | ouxmyu@alumnl hust.edu.cn 118/269

BiRtS
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SLRRES> (Deep Learning)

Libra R-CNNBIREESEER )y ™y

Data Preprocess —inputs =+ Backbone —  FPN Rol Align BBox Head

IEHFAREF RERREF
MIEEERREEHREFE12819 MR REBH RN T256 4

Rl A Fi& loUS oA 48

v ITEE SRR v ERERREIoURED ARES

v TS BIHTRE v TATFEUERREA, RIBIOUSHTAME, VR
v Bl ERZ10000, EE4NE, HIETR128 EIES METIORASIR, FIHTTIIRA
NERA; B4, SIEMNRERANERES EFRENSHETER, SRR
L. REHTREE
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RES>) (Deep Learning)

4.5 RCNNEFIEEAGRM T

Libra R-CNNAI[])FIRFKERE]

Data Preprocess

= inputs -»} Backbone

=== Smooth L1 Loss
1.0

1.0

— ’
— a=0.2 ./
0.8 0.8 @=0.3 ’//
— a=0.4 #
— a=05 2 4
= ’
GCJ 0.6 w 06— a=0.8 //
5 === Smooth L1 Loss 2 - =15 ’
o — a=0.1 = pd
< — a=0.2 2
0.4 a=1. 04 .
— a=0.3 g
4
— a=0.4 ,,/
0.2 — a=0.5 0.2 ot
— a=0.8 ol
— a=1.5 : ZZ=7"
0'%.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 0'%.0 0.2 0.4 0.6 0.8 1.0 12 1.4

regression error regression error

*  LosSEERRIFANEEMEREZR
*  LossBUNIIRARZEE ZHA

» Smooth L1597, BRTEMEFEATTNAEES TEZHEAN
BEEKX, SEAEEANFIEEIRAFE

/ B \R°'\

FPN =

()

Smooth L1 Loss

0572
()= | | —05

"4

Balanced L1 Loss

(I1+DInCl1+1)=- |1

| |+

| <1

Rol Align — BBox Head

| | <1

* Bala nce L1J|E‘w:lrrﬁao@ﬁt%%*ﬁ%@ﬁ%ﬁjﬁggmgﬁ%ggmaSEi%bra R-CNN Towards Balanced Learning for Object Detection. CVPR2019

http://DeepLearning.ouxinyu.cn
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> (Deep Learning)

4.5 RCNNRFUEEAGHM ML
Libra RCNN#&EBI a9

Backbone&FM4E i

ResNet50 Faster 1x 35.2 12.7
ResNet50 Faster 2X 37.1 12.7
ResNet50+FPN Faster 1x 37.2 22.3
ResNet50+FPN Faster 2X 37.7 22.3
ResNet50+FPN Cascade Faster 1x 40.9 17.5
ResNet50-vd-BFP Faster 1x 40.5 18.2
ResNet101-vd-BFP Faster 1x 42.5 14.9

Jianmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ouyang, Dahua Lin. Libra R-CNN Towards Balanced Learning for Object Detection. CVPR2019
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SLARESS (Deep Lea

4. EEFW?E"T:'%E(J Binteill (BXiakixiE)
[IRB032-H7kIRE] PCBEIZIRASERPGIE M

Btx: EDRIFEESHR (PCB) RIS

PCBHIRER —MAHMEMPCBEURSE, MILRAZEH, ATHEN. DEMEEES. 2P
BE1368KERLIR6HERIE (BokFL, RIS, FHig, 52k, 280 ) . AREEETER
FHMESHI693KENR, FETIERSI3KEURIEAYILE, 1005KEHRIFNIIELE.

VENbHEIA
EFPaddleDetection TEEAFRIE., FRLENRIFRHHR(PCB) BRI 14 SiH(ESS,
ERTERIIESE FmAP JAZI0.7LA L, T

=7

SRR E—Erii e
BRSNS, kFE
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SLRRESS (Deep Learning)

BT HHERG AR B REN

/ Yolo v1, v2, v3
/ SSD

[ —— / RetinaNet
/ PP-Yolo

http://DeepLearning.ouxinyu.cn Bf5rt&il (Detection)

BX#h= | ouxinyu@alumni.hust.edu.cn
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SHRESES (Deep Lea

5. ST EMERS AN RS

SRR { T eUFR?
AT BT/ BTG SEIR R ?
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%3] (Deep Lea

5. EF SIS ENEFeT
A et T QIR

IHRIEH
Ablation Study

I_

[ARE——— R E— \

1/
AR fFREEZ V2
HEEE— A ] | FIEBITE(RIT) = ——BRAE= 3 - ]
H[a) IANELE *ﬁ AR SR — T = -4 -
SR — BRAER 7

s — BRI A Y
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%3] (Deep Lea

5. EF SIS ENEFeT
A et T QIR

Casel: pkfZ I8
L HEERE

—
_

= BOEE? W2 B XiSWSSmisithE f‘> 2]l

REERARL | = BRORHE? B £=H AR NFRR
.
Who Am | = iR B LEFHMFIE
oF = LRISHEIZ

=]
==

| WEREEE | EEY D EE AR —
N — ‘|. EHE’
Deuzan 9 smssmuems )| e

D MARIEIAANE B IIABIESESE
D BbEER? 2 D EKEWSSNsEhE

= BRDRIHE? D EER KN e
;Eﬂjl‘ﬂ%ﬂ' ﬁg;kl‘ﬂj%ﬁ BR#ER=F | ouxinyu@alumni.hust.e6

iE X HIA=R SIHTIRIA

http://DeepLearning.ouxinyu.cn



3] (Deep Lea

5. EFEMERS R ETEN
A et T QIR

= B[R SR 2L 55 BRI TIRE BT
- N NFFEEIE  — 3075F, 25
o) | HEER. SCHEX38 —! SCHEX 58
N 5. 8y EFERERA — ERER, 23R
i;i?ﬁﬂﬁ - ;gimé EEHSREEE — ERE, EH2R #ﬁsleﬁ}
| B /i BSHHRFERGIE — SE24, B 34 k)
e J X BEReRIE  — BEE
. J DIERI6 AN B — HEEN14F

REREF—ERIGE— BXRHE, ah2n
IREEE1IR (2077) — &62ln, 405
http://DeepLearning.ouxinyu.cn h i i—' ji&fﬁ%bﬁ




> (Deep Learning)

5. EFEMERS R ETEN
A et T QIR

Case3: M\YOLOvV3ZIPP-YOLO

R R
TE X HI[)E =
REEHE s RE AR=EARSE i) IS = =EaT
h“‘t%amgﬁﬂg'gi - g YOLOv3(darknet) 33.0 E£> PP-YOLO
RETHRX S A | YOLOv3(Ours) 38.9 - 58.2 R
HIESEE B N YOLOv3-ResNetSOvd-DCN  39.1 : 79.2 (2020)
4 =k La belJ f# C J| B+LB+EMA+DropBlock 414 . 79.2
é ) MR D W C+IoULoss 41.9 . 92 | @
YOLO v3 E“> 1 ‘ | & D+1oUAware 425 - 49 | 3
— /MR — R F B E -+ Grid Sensitive 42.8 ' X & v PP-YOLOvVZ2
\. J BB SIFE, G B F+Matrix NMS 135 . 748  EA (2021)
YWRREZHY, H § G+ Coord Conv 44.0 - 41
RILZAIhak, I l H+SPP 443 452 72.9
oty J [ + Better ImageNet Pretrain 44.8 45.2 729 |
St | @
$E 5 K W J+2x Scheduler 45.3 45.9 29  To Be Continued

I
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SCHEESS (Deep Learning)

54
. RetinaNet
(Focal Loss, 2018)

Joseph Redmon TsungYi Li.n, .Priya Goyal, Roslsi Girshick,
o 5.2 Kaiming He, Piotr Dollar
YOLOZX SSD Facebook Al Reserach 57
’ °
(2016) ., PP-YOLO
(2020)
Wei Liu, Dragomir Anguelov, Dumitru . _
Erhan, Christian Szegedy, Scott Reed, Xiang Long, Kaipeng Deng, Guanzhong
ChengYang Fu, Alexander C.Bery Wang, Yang Zhang, Qingqing

Dang, Yuan Gao, Hui Shen, Jianguo
Ren, Shumin Han, Errui Ding, Shilei Wen

\ 4
5.1 5.3 5.5 5.6
YOLO ., YOLOvZ2 ., YOLOv3 ., YOLOv4
(2015) (2016) (2018) (2020)
Joseph Redmon, Santosh Divvala, Ross Joseph Redmon, Ali Farhadi Joseph Redmon, Ali Farhadi Alexey Bochkovskiy,
Girshick, Ali Farhadi University of Washington University of Washington ChienYTao Wang,
University of Washington HongYuan Mark Liao
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SLRRESS (Deep Learning)

YOLO
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SCARESS (Deep Learning)

1ZiTENN
® Motivation
Faster R-CNNZFEZEFTXEEINEEZEZE T — 1 RITER (two-stage) HIB
hL,LJ,Z%é}E W2EAERERS, BITEREERE, BEARIEERIENANEK, 55—

FKARHFET LA IFERITN, ZEEAXEA— N CNNMNEEEINARE Bira92E5!
5ME, )='--—I3;|Ex (one-stage) X, ZERBEREER, EEMREHETE—L,
BIpVELAEHE: YOLOZA. SSD. RetinaNet, RefineDet, RFB-NetZ
® YOLO

YOLOX#RAAYou Only Look OncelyEfR, BHE—NET SIS MRHYENE
Birm@lRESR., eREIFFER, ETitanX EJLASEINERPASSKEI RGN IEIEE, sk
BJLUXZRIT150FPS, YOLOZEMEE, AL AR umSCIlZ<s R 5 R FAE ] 35,

Redmon et al, “You Only Look Once:Unified, Real-Time Object Detection” , CVPR 2016

JEC

http://DeepLearning.ouxinyu.cn Bf5t& (Detection) EXE=E | ouxinyu@alumni.hust.edu.cn 131/269



EZ%3 (Deep Learning)

5.1 YOLO

YOLOHLWZ{E——YOLOV1
BRI E— R —REIHES, BT BB A S

— XDX’
7 7
1024 4094 24
onv. Layer Conn. Layer Conn. Layer
Ix3x1024 Detedtion Layer
x3x1024

1. EEIR: KSEIGGENEA448 x448FHENCNNRIZE

2. FBFRIE: FE

MNAVAFIERIE,

(B E79S x SHIMIAE, BN MIISKINBMAFIE, TRNRTEMIEXT

S NSESEIEpaES

XTIt e

3. EtRAHDE: HITNMSEEERTRIDFIE

Redmon et al, “You Only Look Once: Unified, Real-Time Object Detection” , CVPR 2016

http://DeepLearning.ouxinyu.cn
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EX%3 (Deep Learning)

5.1 YOLO

YOLO#/IRIE

YWF B/ REERETT:

o MNBBNEARXINERRIFRLZN
Xig, BTMXIFHES51MNSE(X,
y, h, w, BEEE)

® WM XEERSHFTXIC+ 112
AYFlD 2L (155 =)

?ﬁ\% 5 l@jﬂ 77 7><7EI’J|>W°Az ® =X{JJRPN, {B3E5IMBX
EgR—ABLZ IR
I E—A AR S T — hIORIB N E ARG it: HxWx(5xB+C) 4
ANRARE TR TiZ MR R ik, B =3 = 7x7x(5x3+21) = 1764 (Pascal VOCQ)
=% HR, = 7/x7x(5x3+81) = 4704 (MSCOCO)

Redmon et al, “You Only Look Once: Unified, Real-Time Object Detection” , CVPR 2016
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iREF3 (Deep Learning)

5.1 YOLO

YOLO#/IRIE

[

: o (x y)
I
kb

-----L-------

i NS ' % LA R
| Fi'.-'-?-f.f_"i;ﬂf_fh ol Sps g ’ ' ¢ % q‘\.

- - - - o - d
Resize The Image Divide The Image Train The Network 1th-Gth  Gth-1Qth 17th-15th 16th-35th
And bounding boxes to 448 x 448. Into a7 x 7 grid. Assign detections to To predict this grid of class probabilities .

grid cells based on their centers. and bounding box coordinates. 1 # BOX 2# BOX 3# BOX %%MEEZS

TENMBEHRE—1RBIREC, FULEER— Mgl Z A RERY
Hir. BRI EREIRIBR, RURERRE.

Redmon et al, “You Only Look Once: Unified, Real-Time Object Detection” , CVPR 2016
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> (Deep Learning)

5.1 YOLO

YOLORYIRIKERZEY
o NMREBFE, X AOFREDS HinBILFIEN = ERIER, R’

o NRERE: WTEITWIE, BAREBISMBFIE, BXFERE Y, RHFENRES T
MO FIEE S ERYFEA:

= ( | ) X x = ( ) %

® RILFIIRAIEHL :

/oo

NFUHEAMMRE IWFIEE(EERAL PRIRK

Redmon et al, “You Only Look Once: Unified, Real-Time Object Detection” , CVPR 2016
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FEZS (Deep Learning)

5.1 YOLO

YOLOEER = 3 fir

{i= Advantage

1. BB RMENEE9im :ZEUJHEIEUEE, MERERR ((BoAzE0rrEEk) ; H
BRAFGHE, FEED Rk,

2. TN EEESAEGR, FEE2REEETSXIFIREGE;

3. Z{tBESIE

fRex Disadvantage

1. FBEETRRIGUES (Faster R-CNN)
2. BREEMERE

3. X/ NBIRENIERAGF

4. — IR REERN H— A

Redmon et al, “You Only Look Once: Unified, Real-Time Object Detection” , CVPR 2016
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SLRRESS (Deep Learning)

SSD
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SLARESS (Deep Learning)

5.2 SSD

SSDIEBIR RS

Extra Feature Layers
VGG-16 Iy

[
e ———= - Classifier : Conv: 3x3x(3x(Classes+4))
\ N\
\ N \ N \ Classifier : Conv: 3x3x(6x(Classes+4))
N \
N\ N\

H T e —,

Yy v VY

Y
| Detections:7308 per Class
Non-Maximum Suppression

300

72.1mAP
58FPS

19 19 N\

|
|
[
|
|
Conv4_3 | Convé Conv7? 10 Convi0_2
|
|
|
|
|
|

SSD

mage

(FC8) (FCT) 5
Convg_2 Conv9_2 Ly |

3
19 19 ” 5 Pool 11

| w

NN si2| 1024 1024 512 256 256 Qm
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Avg Pooling:Global
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s2

1. BREIS: BERE4EHZE 300x300(500%500) Hit AN CNNRIZE

2. 1SUHRE: (FRXUHIRVGGT6iRENZ RESFUFIE (convd~pool11)

3. MMMBRIE: EAERENFHIBRNSEMEE LE#iRE—A A G2 HJanchors,
XSE 1 anchorsi# T A FAERE]T

4. JERAHE]: HFITNMSEIZEBRURIDFIE

~




SLARESS (Deep Learning)

.2 SSD

SSDRYIRK ]
PRERE GroundTruth

(quzl COo [ G

TR A4 ESTES iRk
SN TRINES SN ETIEXLT

KAkESMTE: 10r0

(., )= 1 -

PI==E g Softmax4ER)

<
exp( )

(,)= od” )+ |log’ "=
exp( )
FRtEI S B EEj KT 25!

PRIPCECIRIK, FoullpROIHE

LITMER SR B, &
SREEHE, Rkl -

\ 4 VL

Ts, RKEE - S
Birt& (Detection) 139/269
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. f&E
. f&E

http://DeepLearning.ouxinyu.cn

SSDRYBIFHR

I GIRENBNRYOLOVINEEEZE, EEH TR,
12 REFFHEN, (FRERESFEEN/INDIR, ERREFIERNAYIR, AR
FIRTH BN SEMEER,
. Z3JRPNHJanchorfB#8, E4FHIEE EFUSARIRERAnchor; Z3R-CNNRIEAE,
B EFARHR AP FRAYRRS., EREYOLOVIFENNRE, MNMiRE b SHER]FAY
. 5(9‘1:' FRanchor#THHEFEARIZHE (Hard negative mining), EfRIERIFEARAIYE
HYIE)RR,

Liu wei, et. al. SSD: Single shot multibox detector

B#5t&€ (Detection)
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SLRFESS (Deep Learning)

YOLOV2 (PRI K EIF =

DarkNet
conv. conv. J conv. 3 conv. S conv.
image > maxpool | *| maxpool > maxpool > max pool maxpool |7 %OV

:

.

:

.

: i

» L] L]

+ L] L]

& # &

................... :
................................................................................................. t...”H.m.......,m........:

1. BuHEFMEE, 52 ADarknet19, HE1IMNSEHE, SPRABHE, RiESIER

B, {ERAS5HM%KLEX): Conv + Batch Normalization;

2. Z3RPNRYanchorBfE, E45IEE LFURARRERAnchor, {EAnchor{gk
KmeansEzEE :AMcoco, voc 4Ry (Faster f1ISSDIIBRA ARG E) ;

3. F3JJR-CNNRIBEZE, BAFELIRSZ M cellBIF O acel B LA,

4. tHEcellPrIE N anchorgfERIRZHIZES] (YOLOVIH—cell EER/—12EF!)

5. BREIIS, A Mscale={320,352,...,608}FpEN1EZEAR R ER FiHIT4,

Redmon et al, “Yolo 9000 better faster stronger” , CVPR 2016
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SLRRESS (Deep Learning)

RetinaNet
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RES>) (Deep Learning)

§.4 RetinaNet

BtRSzt

” waﬁ\} . SSFE IR
iRBE M 4 R4S

J

//
[

Eﬁﬁ$w

e A1
P 9 (“ ;’;/ / N /f
*:IIPEE N [ J \;
SNyl —\ F
- > ocal Loss
\ [' —— w/
FEE .

o mEHE
F i

/

-~

Tsung-Yi Lin, Priya Goyal, Ross Girshik, Kaiming He, Piotr Dollar. Focal Loss for Dense Object Detection. arXiv 2018
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iREF3 (Deep Learning)

§.4 RetinaNet

Focal Loss

%Eﬁﬁ$§ff
()= (

i3

HEESFESIEEE

Tsung-Yi Lin, Priya Goyal, Ross Girshik, Kaiming He, Piotr Dollar. Focal Loss for Dense Object Detection. arXiv 2018
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SLRRESS (Deep Learning)

YOLO v3

Joseph Redmon, Ali Farhadi. YOLOv3: An Incremental Improvement. arXiv1804
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RES>) (Deep Learning)

5.5 YOLOV3

YOLOV3Efit TS

38 ® YoLOv3
x RetinaNet-50
RetinaNet-101
36 @ Method mAP time
[B] SSD321 28.0 61
[C] DSSD321 28.0 85
[D] R-FCN 299 85
[E] SSD513 31.2 125
[F] DSSD513 33.2 156
[G] FPN FRCN 36.2 172
E RetinaNet-50-500 J2.5 73
RetinaNet-101-500 34 .4 90
RetinaNet-101-800 37.8 198
YOLOv3-320 28.2 22
YOLOv3-416 31.0 29
YOLOv3-608 93.0 51
| | | |
50 100 150 200 250

inference time (ms)

v EEEER, SMNtkE (EEEERT
SSD3{&%, RFRetinaNet3.8£%)
v BEIRIGE(R

v BREE

v BEEREARBYE
v ENBEESH
v SRIE/IEISRVRHA. IMIIRERERE

Joseph Redmon, Ali Farhadi. YOLOv3: An Incremental Improvement. arXiv1804
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> (Deep Learning)
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Figure 2. Bounding boxes with dimension priors and location
prediction. We predict the width and height of the box as offsets o %ﬁgﬁgiﬂgg@ﬂggﬁiﬂﬂéﬁ:
from cluster centroids. We predict the center coordinates of the
box relative to the location of filter application using a sigmoid [ v : ] - [ \ : : ]
function. This figure blatantly self-plagiarized from [175].
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YOLO v4 v5

Come soon...
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5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)
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H, WEEE ISR BT,

“e: YOLOv3
: https://p
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iREF3 (Deep Learning)

5.7 PP-YOLO

PP-YOLOIZHHTE (Ablation Study EELIHZT)

YOLOv3(Darknet53)/&hx 33.0 78
A YOLOv3(Darknet53){f{tkx 38.9 58.2 A
B YOLOv3-ResNet50vd-DCN 39.1 79.2 48 ' %
C B+LB+EMA + DropBlock 414 79.2 - 7
D C + loU Loss 41.9 79.2 42 ;i
E D + loU Aware 42.5 74.9 40 69
38 i 67
F E + Grid Sensitive 42.8 74.8 36 , 65
63
G F + Matrix NMS 435 74.8 34 | %
H G + Coord Conv 44.0 74.1 32 ! 57
30 7 55
I H + SPP 44 3 72.9 A B C D E E G H I J K
J | + Better ImageNet Pretrain  44.6 72.9 ——mAP —e—FPS(v100)
K J + 2x Scheduler 453 72.9
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(Deep Learning)

5.7 PP-YOLO

ResNet-D

HR: BWEEAE, REEEES ~1-2% =
Output Ot v BIMERRY REFES RIS /ARER

f_@ :

Conv Conv
(1x1) (1x1) — »

1 (1x1)

Conv Con Conv [
(3x3) fm,@ 3x8(s=2) M
i & — .ﬁ?gpﬂlﬂ

[t2x8(s-2)

/ (i) J' %
— { y v EBFIEEE stride =200 E

Input Input
ResNet - B ResNet - D

)
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SLRFESS (Deep Learning)

5-7 PP'YO LO Deformable Convolutional Networks

Deformable Conv
v EFSINEWSRERS SIEFIZAIFAR v FA—ToffsetRreiRREL, B51—1
maskSERIFLL 558 BE,

\I

oo IEIEVES = A o L o ?
! ° o e o rae 8 o—=io o | | iple g
° o0 ] ” PR

(b) deformable convolution

(a) standard convolution
o THEEFE, IEEUEEIES ~ 0.2% - =T g
® FIEELEH ~ 20FPS oo g

gutp:._;é:feature map Of Object Detector. arXiv2007
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iREF3 (Deep Learning)

5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

=5 mAP FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){fi{t kR 38.9 58.2 s
B YOLOv3-ResNet50vd-DCN  39.1 79.2 . ' %
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 38 : gg
F E + Grid Sensitive 42.8 74.8 36 | 63
G F + Matrix NMS 435 74.8 . : 2
H G + Coord Conv 44.0 74.1 30 \1, ?;
| H + SPP 44.3 72.9 #« B P EFG&GH I JE
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP  ——FP5(v100)
K J + 2x Scheduler 45.3 72.9
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SLRFESS (Deep Learning)

5.7 PP-YOLO DropBlock: A regularization method for convolutional networks

Drop Block

X

Input Dropout DropBlock

v Dropout@REZIERNEREIG. REMBIZEENRIGE. BIETIEFR
EB‘ZWT BFRXISRAVETIITE, #olE T BirhY “RE"
BRDrop— X1, MIFTRRIR, BEATN "=EE" fEREIES

E=Vop
v {ERAREHDropiR(Block), EEH.DropEamR(Point)
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> (Deep Learning)

5.7 PP-YOLO

Exponential Moving Average

EEEYE3ERR(Exponential Moving Average EXPMAEEMA) 2—fii2mzEishn, HiuE/RE
EXHMBBEMNMFTEARTY, HRBETEERKH TOI, ATHBMNBARRESHIZEE,
5%

EMA#H T ZHMNAEREFZINBNEFF
RMSprop, adadelta, adamZFHEE NFEL iR, EIR

20-period J
exponential
moving average

(EMA) r"[‘rr 1 i
|

j

2 e S S E | N 257 S =

|

Ir&E5%
EMA, =0
EMA = decay* EMA _;+(1-decay)* - [»
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iREF3 (Deep Learning)

5.7 PP-YOLO

Larger Batch Size

12X Batch Size

v 18 Kbatch sizefgBRIERITEREAREIEZ, RE|GENIRE
v H-+~mini-batch sizeE81ENEI24 (GPURTZE4NEEIA)

v’ Learning ratel@%&z10.01

alssEd
v EMA + DropBlock + Larger Batch Size: COCO#EHEEMAPIEF = 2.3%
v HEREREAT (79.2 FPS)
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iREF3 (Deep Learning)

5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

|E3=] f=8Y mAP FPS(v100)
YOLOv3(Darknet53)[&Ex 33.0 78
A YOLOv3(Darknet53){fifthR 38.9 58.2 .
48 81
B YOLOv3-ResNet50vd-DCN  39.1 79.2 e | 79
77
C B + LB + EMA + DropBlock 41.4 79.2 44 75
73
D C + loU Loss 41.9 79.2 42 71
40 ' 69
E D + loU Aware 42.5 74.9 38 : 67
I 65
F E + Grid Sensitive 42.8 74.8 36 | 63
I 61
G F + Matrix NMS 435 74.8 . . 29
57
H G + Coord Conv 44.0 74.1 30 \Iy 55
| H + SPP 44.3 72.9 #« B P EFG&GH I JE
J | + Better ImageNet 44.6 72.9 —e—mAP  ——FP5(v100)
Pretrain
K J + 2x Scheduler 453 : _ - _ , _
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SLRRES> (Deep Learning)

v loU: WNIERAHERERA Prediction Box
v FrBIER{E, ¥loUNNAZILosse 5T K3

B % AR

v FNERHEE S ESCERFIEE TS IoU EEMXI Detection Box
v loU Loss = (1 — loU*loU) *LossWeight,, loU = AR

IoulLoss: Prediction Box
loss_weight: 2.5

loss_square: true FEFF
mEFH
ItsE Detection Box
v COCOZIEEMAPIEHA ~ 0.4%

v IBEEEAE
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iREF3 (Deep Learning)

5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

|E3=] f=5Y mAP FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){£4thR 38.9 58.2 '8 A -
B YOLOv3-ResNet50vd-DCN 39.1 79.2 16 : ;?
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 38 l 67
F E + Grid Sensitive 42.8 74.8 36 : gg
G F + Matrix NMS 435 74.8 . | gé
H G + Coord Conv 44.0 74.1 30 \'y 55
| H + SPP 44.3 72.9 A B LB EF G H 1 J K
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP —e=FP5(v100)
K J + 2x Scheduler 45.3 72.9
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SLRFESS (Deep Learning)

5 . 7 P P -Yo Lo for Accurate Localization

loU Aware

v EBAIEFEScore SR, BZENMSIHE
v EEEELBESIRIINAEIScore

IEEE
v EIl— 1 Channelkz=x
SJloU, BEPiiHEEEH
B*(5+C)Z/B*(6+C)
v FilES, Objectnesshy
FUNHEEHT/T
a-)

s,

nlasEd
v COCOXIELEMAPIEH ~ 0.6%
v JEIEEEREAIENE: 79.2FPS -> 74.9FPS
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iREF3 (Deep Learning)

5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

|E3=] f=5Y mAP FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){£4thR 38.9 58.2 '8 A -
B YOLOv3-ResNet50vd-DCN 39.1 79.2 16 : ;?
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 38 l 67
F E + Grid Sensitive 42.8 74.8 36 : gg
G F + Matrix NMS 435 74.8 . | gé
H G + Coord Conv 44.0 74.1 30 \'y 55
| H + SPP 44.3 72.9 A B LB EF G R 1 J K
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP —e=FP5(v100)
K J + 2x Scheduler 45.3 72.9
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(Deep Learning)

; ; PP-YOLO YOLOv4: Optimal Speed

Accuracy of Object Dete

Grid Sensitive

0 g, g+l Wis
= 0
v HESLERNFOLTREERMISIASZE, SEFiElogits
F]+oo$-?(*1l«llabel smooth), &EFHTHIE 5y b
3| \Grid Sensitive (YOLOv4), aJLAEMRXFNIINE = #e.)
v IFEFOATRET, 0 E—MRIBFRIGE
o= (), =+ ()] .
o~ S
= - + - ()= -1/2
= - + - ()= —-1/2

R : COCOHMIEEMAPIEHA = 0.3%
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iREF3 (Deep Learning)

5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

=8y mAP FPS(v100)

YOLOv3(Darknet53)/5kx 33.0 78
A YOLOv3(Darknet53)ffifthR  38.9 58.2 ’.‘
B YOLOv3-ResNet50vd-DCN 39.1 79.2 22 E 2%
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 35 | 67
F E + Grid Sensitive 42.8 74.8 36 : gg
G F + Matrix NMS 435 748 . | gé
H G + Coord Conv 44.0 74.1 30 v 55
| H + SPP 44.3 72.9 #« B P EFG&GH I JE
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP  ——FP5(v100)
K J + 2x Scheduler 45.3 72.9
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SLRFESS (Deep Learning)

5.7 PP-YOLO SOLOv2: Dynamic, Faster and Stronger
Matrix NMS
SoftNMS: ESEHI) -> ETFH [

v EHRENMS(Hard NMS)E#3E] 7 2 #YEaIFTUNE, XT
FTRENEZREESHINRIMHNER. Y FEiRER
HNBIRNSAFIB, WMEREHIoUAXTFHRIE, NWE-NBIR

BaWEF

v BESBETRS, FERoIMGHRF T, EREFZE.
_ ()=
()<

. 2 HFSoftNMS;ZEIEIHE, X
_ , (. )= S TiTEENAKIEA
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.7 PP-YOLO SOLOv2: Dynamic and Fast Instance Segmentation

Matrix NMS

Confidence

s N
v BT EHNMSHUE TR i
v RESIEE, ERBEEREORoIS A

v ERGPUFHITITE(EER MEZIERIIOU

v XTIUEB, FHTEEE S ST RERFUNESTTUEBRT
loU, AREHRIEXEIOUNIES BT EHERFHNERIBAD SR
UGS, (SR EFUEBRIHIHZRE

AR

v COCOZHEEMAPIEH = 0.7%

v EEEEAE, (BI5EEEER
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5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

=8y mAP FPS(v100)

YOLOv3(Darknet53)/5kx 33.0 78
A YOLOv3(Darknet53){f£itER 38.9 58.2 o
B YOLOv3-ResNet50vd-DCN  39.1 79.2 ji | %
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; : 22
E D + loU Aware 42.5 74.9 38 | 67
F E + Grid Sensitive 42.8 74.8 36 : 23
G F + Matrix NMS 435 74.8 . | 25
H G + Coord Conv 44.0 74.1 30 Y 2
| H + SPP 44.3 72.9 #« B P EFG&GH I JE
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP  ——FP5(v100)
K J + 2x Scheduler 45.3 72.9
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SLRRES> (Deep Learning)

Networks and te CoordConv Solutin
Coord Conv

ﬁmg Convolutional Layer CoordConv Layer
v ERRBNSTERNNNESS, 52 4 0F e >

RIS X | ol 0F
v MENREELRAREE, BAEE |

: oD /’”’H 1 potieom
R R ?

v IBINRNEIREE, BT BiRra

1:3‘ l:llu\X J/ YOLOv3Head:
anchor_masks: [[6, 7, 8], [3, 4, 5], [0, 1, 2]]

et e anchors: [[1@, 13], [16, 38], [33, 23],
[3e, 61], [62, 45], [59, 119],

v COCOZIEEMAPIEH = 0.5% [116, 9], [156, 198], [373, 326]]
v jgﬂ@ MT* ﬂ¢/&70 7FPS coor d_L,_jn = tz;ue
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5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

f=5Y mAP  FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){£4thR 38.9 58.2 25 A o
B YOLOv3-ResNet50vd-DCN 39.1 79.2 46 : ;3
C B + LB + EMA + DropBlock 41.4 79.2 a4 75
D C + loU Loss 41.9 79.2 j(z) | g
E D + loU Aware 42.5 74.9 38 l 67
F E + Grid Sensitive 42.8 74.8 36 : gg
G F + Matrix NMS 435 74.8 - | g%
H G + Coord Conv 44.0 74.1 30 \'y 55
| H + SPP 44.3 72.9 a4 B B B F B H 1 4 K
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—=mAP  —e=FP5{v100)
K J + 2x Scheduler 45.3 72.9
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SLRRES> (Deep Learning)

SPP

v B IRENARRGIICEORNSE, UAHHIERREY

|ipeit

ll_

MVanPodling
Lud

ManPacliing
e

L o F T
1k=11

l—

p{c )

!

Ourtput
ar

YOLOv3Head:
anchor_masks: [[6, 7, 8], [3, 4, 5], [@, 1, 2]]
anchors: [[1e, 13], [16, 3@], [33, 23],

[38, 61], [62, 45], [59, 119],

[116, 98], [156, 198], [373, 326]]
norm_decay: 6.
coord_conv: true

iou_aware: true
iou_aware_factor: ©.4
scale x y: 1.85

yolo_loss: YOLOv3Loss
nms: MatrixNMS
drop_block: true

alas e
v COCOZIELEMAPIEH ~ 0.5%
v IEBEETHAKX, [FIRT0.7FPS
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5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

|E3=] f=5Y mAP FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){£4thR 38.9 58.2 '8 A -
B YOLOv3-ResNet50vd-DCN 39.1 79.2 16 : ;?
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 38 I 67
F E + Grid Sensitive 42.8 74.8 36 : gg
G F + Matrix NMS 435 74.8 . | gé
H G + Coord Conv 44.0 74.1 30 ‘1, 55
| H + SPP 44.3 72.9 A B LB EF G R 1 J K
J | + Better ImageNet Pretrain ~ 44.6 72.9 —e—mAP —e=FP5(v100)
K J + 2x Scheduler 45.3 72.9
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RES>) (Deep Learning)

5.7 PP-YOLO

SSLDANRZIE

SSLD(Simple Semi-supervised Label Distillation)FRAE ERF M EnaARZRE, EFREAIHZE
8, BAREERNA— R E SRR S S BSR4, I

R 2 [ J lj ‘ T
RIES % N N . R o S L JJMHMtIJ%M)l\MJ«MJNMW
v fElmageNet22KEHEEFIZHE T400Wsk i Bl AR, 5 | ) o

ImageNet1KER T —1500WHIZTBEGIESS o | L

v OIERE—A TR F A AR — T RIRGS, R MW'MMW W\WMWW
RS EHITEBZG. FTERENEGRESFEEREE - J
AR, BEREES.

v BERBFIIFERIER RS L T inetune)l|Zx

AR

mSSLD
v COCOMIELEMAPIEH ~ 0.8% | 'Ii | i |

V BEBEETE
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5.7 PP-YOLO
PP-YOLOIEFHE (Ablation Study jEiEtffoT)

FS =8 mAP  FPS(v100)

YOLOv3(Darknet53)[&EiR 33.0 78
A YOLOv3(Darknet53){fiftg ~ 38.9 58.2 A
B YOLOv3-ResNet50vd-DCN  39.1 79.2 . | %
C B + LB + EMA + DropBlock 41.4 79.2 44 75
D C + loU Loss 41.9 79.2 j; | 22
E D + loU Aware 42.5 74.9 38 : gg
F E + Grid Sensitive 42.8 74.8 36 I 63
G F + Matrix NMS 435 74.8 . . %
H G + Coord Conv 44.0 74.1 30 \1, ?;
| H + SPP 44.3 729 #« B P EFG&GH I JE
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5.7 PP-YOLO

PP-YOLO/ME

HiEnE Image Mixup

=0 ResNet50vd-DCN

$S{IEEEY SPP Coord Conv

=B S loU Loss loU Aware Label Smooth
PP-YOLO

pllEES Larger Batch Size EMA DropBlock

=S Grid Sensitive Matrix NMS

Hith SSLDENHZEIS 2x Scheduler Synchronized Batch Norm
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SLRRESS (Deep Learning)

PP-YOLO v2

Come soon...
BBE1TES
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SLARESS (Deep Lea

5. BTN ENEIFEN
{Edr07: EFYoloRFNRBIAYEE EstRELFEH N

Btx: EDRIFEESHR (PCB) RIS

PCBHIRER —MAHMEMPCBEURSE, MILRAZEH, ATHEN. DEMEEES. 2P
BE1368KERLIR6HERIE (BokFL, RIS, FHig, 52k, 280 ) . AREEETER
FHMESHI693KENR, FETIERSI3KEURIEAYILE, 1005KEHRIFNIIELE.

1’E:Ikhi$
HEFPaddleDetectionsfiiYolo R &%, SmENRIEEEHR (PCB)EEEUIRERN) 14 ST 4T
2 ERIEIFE FmAP, JAFI0. 70 L, €

SRR E—Erii e
BRSNS, kFE
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http://DeepLearning.ouxinyu.cn

HFAnchor-FreelJBixts&n

/ Anchor Freef9EARHELE
/ CornerNet

/ FCOS

/ CenterNet

Bf5rt&il (Detection) BX#h= | ouxinyu@alumni.hust.edu.cn

210/269



> (Deep Learning)

é EFAnchor-FreeHﬂEhﬁ"}ll

Anchor-Based)5;X[DO][fn
HFAnchorgIGErte

5
RCNN = %’
o AnchorEMM RIS MERA -
s ( FasterRCNN h—rn e
%/fﬂggﬁﬂj CascadeRCNN
® ﬁBﬁEﬁ(TWO'Stage)%iﬁ1§ﬁa LibraRCNN
RPNZAix4&pkanchor, 28— L =
FhARFRANE RIS BERanchordE @t
DRI
® H[jiEZ(One-stage)HikiGA SSD

YOLO
RetinaNet

RIS BIEREDanchorfY/E I,

j@ﬂ

BT — T

PP-YOLO
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> (Deep Learning)

é EFAnchor-FreeH’_‘thﬁ"}ll

Anchoraa =W 2mgd

°~J

BFAnchorS;ZHIBIIIFE.

o TEIHEEIMNENMER LEMEZ N AR A/NFOELFIRYREEE
® XHEIEHEFHITHIZTHiEE R Rols

® XJRolsi#H{ToEMEL, BIREEEESFLINRZIIEN
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SLRFESS (Deep Learning)

6. EFAnchor-FreefJB+5t&:N
Anchor-Based}5;ZB)ER

FERRINT RFEAIEER, FiEEMEATIEE

SR EE AR ARSIt EENNE S, @)

o, |EMEAEITFHIENRYT, KEEth, HEIEEH
AU | m EiEssETEE, DT RmES

[, |mEmEnRs. kEnssmamRmgcnn | o
0| RS R, RIS

S os | ATIREBEE, BEEES EHEREORHE; o
AT ZBIES SHIE A AT E AL T

.......

o5 | EEEX R TS, Y | o
|7 | Frnsxmn s EEEE TRt
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6. EFAnchor-FreefSB+5t&:N
YR EIEANchor[FiZzUA R NE?

_________________________________________________

Question: ZEAnchor-Basedfi§77i4H, EAHTFRNEIIER? e e, e[ [Pl P2 ] - [P ]

g Posi
Answer: AnchorfIERIHO4RASISE in  LFEEE  EASH

Question: f£Anchor-Freerh, iE8Anchor’E4IE?
HI B9 NEsE ) §E¢®§Mﬁwgﬁﬁ_

B (e
s .

=8
i AL
ST BT L S O X BN O
FIA FAHIRR, i = BT e
BB A AR - RIE; REES
HIVE. A RE S

NFRILE,
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6. 3

RCNN
(Girshick, et al.)
CVPR2020

A
OverFeat

Faster RCNN
(Ren, et al.)
NIPS2015

E?Anchor-FreeEl’_‘th*\?’ljlj

Anchor FreeE5E;EH7E

(Zhang, et al.)
ICLR2014

A

A

Fast RCNN
(Girshick)
ICCV2015

SPP-Net

(He, et al.)

ECCV2014 v

YOLO
(Redmon, et al.)
CVPR2016

 ENEEERNEE
. EMERBRMENEE

AnchorFree BFi&NE %

YOLOv2
(Redmon, et
CVPR2017

SSD
(Liu, et al.)
ECCV2016

2017

OHEM

(Shrivastava, et al.)

CVPR2016

Anchor Free

e

CenterNet (JJF(IE\,ICe; )
R-FCN (Duan, et al.) AAAI2020
(Dai, et al.) ICCV2019 "
NIPS2016 GloU-Net A l Y|O|TOV5 )
oU-Ne tralytics, et al.
4 (CRlTIEDE (Rezatofighi et al.) arXiv2020
RetinaNet | ECCV2018 (Tian et al)
- ian et al.
(Lin, et al.) I Libra RCNN ICCV2019 PP-YOLO
al.) ICCV2017 (Pang et al.) (Long, et al.)
| CVPR2019 arXiv2020
I
®
2018 2019
FoveaBox
_FPN Cascade RCNN CornerNet-Lite  GA-RPN (TI%B'ZSS(?I')
(Lin, et al.) (Cai, et al.) (Law, etal) (Wang et al.)
CVPR2017 CVPR2018 arXiv2019 CVPR2019 YOLOv4
' | v (Bochkovskiy, et al.) v
VR / arxiv2020 PP-YOLOv2
as YOLOvV3 ExtremeNet (Huang, et al.
(He, et al.) (Redmon, et al.) (Zhou, et al.) arXiv2021
ICCV2017 arXiv2018 arXiv2019
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CornerNet
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SLRFESS (Deep Learning)

.1 CornerNet

HFKHEmAIAnchor Freet@ilEiZ

-

// s‘\
/ Anchor Free \‘
i ' i
1 | 1
I I
' ' i
] BFxES BF LA I
1 keypoint-based center-based :
. i
' i
1
1 - CornerNet W FCOS  # CenterNet :
H i
' i
l‘ " CornerNet-Lite [ TTFNet ’l
\\ 7

N e e e A i

CornerNet: Detecting Objects as
Paired| Keypoints

Hei Law [0000—0003—1009—164X] [0000—0001—9594—4554]

, Jia Deng

University of Michigan, Ann Arbor
{heilaw, jiadeng}@umich.edu

Hei Law, Jia Deng. CornerNet: Detecting Objects as Paired Keypoints. ECCV2018.
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iREF3 (Deep Learning)

5.1 CornerNet

CornerNeto 3I1R2EA
BIATHEAREE, Fu
WA EFG FRRUE

http://DeepLearning.ouxinyu.cn

CornerNetf#zZ/i(»EB%8

REFIR5IERC

ConvNet

Bottom-Right Corners

Top-Left Corners \

\
N
NN
N

N

B#5t&€ (Detection)

Hei Law, Jia Deng

Heatmaps
TRNUIBL RERE A RER
AR

Embeddings
o P RIEETHEXNSRAIA
W= SO
. OEE¥A, embeddings
. BEREENE
O A[E4#{AK, embeddings
BEERAKRIIES

. CornerNet: Detecting
BX#h= | ouxinyu@alumni.hust.edu.cn 218/269




SLRRES> (Deep Learning)

{fEfHeatmaps3 kA= Corner

P ES] (Reduce penalty) =itk (Corner Pooling)

_ il

M R AR E A FHA A b f 0 fa st

BEEENBEN—MEERZRAEAY

EETXE, MEREE T OESRIT, B 1T, WAL ERBUERBITE1E, &
E R NGB0, RIS LARIAR,

Hei Law, Jia Deng. CornerNet: Detecting Objects as Paired Keypoints.
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5.1 CornerNet

Corner pooling&i%

h Heatmaps sla4f1|1|sp—Pls|e]|6lec]s
“ _> ‘;'|I maX =
: | | | | 6| 7
I - 7 .

i == ‘:

= = ®—>» ‘ . 9|10
E I . 3| @ 2l %
| [ H‘ =
|H ‘ ‘:,‘ s ol e 3] 4
i I ‘ 3|4 - 3] a4
I | |
|H e ) 2|2 2|2 ]
L , o] 2 ol 2

feature maps top-left corner pooling

d. O
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SLARESS (Deep Learning)

.1 CornerNet

{EHEmbeddingskASE—BIrlA =

Embeddings Yoz e
pod v B—Bi— RS (IR
= v RAEIB—X8 B ER(E (FEERK)
Embeddings
1. XHHEE LRSI R TReE, S2I—%
fmiBEER) embedding$HiF, Tzl
VEEE, %EH N 1, H W]
2. K FAafIAaTHAERERNembeddingstEER]
b ST AL,

Hei Law, Jia Deng. CornerNet: Detecting Objects as Paired Keypoints.

e
7

4/
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5.1 CornerNet

CornerNetBymLELE1s

Prediction Module

a-r B
s
Top-left Corners Heatmaps
3 3
Corner Pooling
Prediction Module
; Embeddings
—
— A
\
Prediction Module \
\ Offsets
-~ \
Bottom-right corners \. \ y
Hourglass Network N

" Heatmaps R D I PR it R il SRS R
P 2 22 2\ (1 = i)’ (pess)™ o (1 — peis) e ivaci

Lyun = = D [(@k — )’ + (ep, — Efc)z] :
LOSS 9 Embeddings < N |

. N
- OffSEtS — Lo = % Z SmoothL1Loss (o, 6)
k=1

Hei Law, Jia Deng .
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SLHRESS (Deep Learning)

.1 CornerNet

CornerNetHt& N5 R

‘Methc-d ‘Backbone |AP AP™ P7°’
Two-stage detectors
DeNet [39] ResNet-101 33.8 534 36.1
CoupleNet [46] ResNet-101 344 54.8 37.2
Faster R-CNN by G-RMI [16] |Inception-ResNet-v2 [38] [34.7 55.5 36.7
Faster R-CNN+++ [15] ResNet-101 349 55.7 374
Faster R-CNN w/ FPN [22] |ResNet-101 36.2 59.1 39.0
Faster R-CNN w/ TDM [35] |Inception-ResNet-v2 36.8 57.7 39.2
D-FCN [7] Aligned-Inception-ResNet|37.5 58.0 -
Regionlets [43] ResNet-101 39.3 59.8 -
Mask R-CNN [13] ResNeXt-101 (398 62.3 434
Soft-NMS [2] Aligned-Inception-RpsNet[40.9 62.8 -
LH R-CNN [21] ResNet-101 41.5 - -
Fitness-NMS [40] ResNet-101 41.8 60.9 44.9
Cascade R-CNN [4] ResNet-101 42 .8 62.1 46.3
D-RFCN | SNIP [37] DPN-08 [5] 157 673 5L1|  UEBERIE
One-stage detectors
== Q

YOLOv2 [31] DarkNet-19 21.6 44.0 19.2 1. JIig Eﬂ%AnChOI‘- ba sed)’j‘,£
DSOD300 [33] DS /64-192-48-1 293 473 30.6 Sem = N
SHE D00 B DB /G 1521 009 sis| 2. HHRESBIRNARINRE B AIRIGTE

esNet- . . ;
DSSD513 [10] ResNet-101 332533 52| 3. EHIFHourglass1048Backbonef= G llEE

. IR

RefineDet512 (single scale) [45]|ResNet-101 [ 36.4 57.5 39.5 g E ?_4: )\ Ej‘iﬁﬁ
RetinaNet300 [23] ResNet-101 39.1 50.1 42.3 1=
RefineDet512 (multi scale) [45] |ResNet-101 p(41.8 629 45.7 ZF kE/J]:IEa:l_il j
CornerNet511 (single scale) Hourglass-104 —p(40.5 56.5 43.1
CornerNet511 (multi scale) N\lHourglass-104/ t=—_pp |0 57.8 45.3 Hei Law, Jia Deng. CornerNet: Detecting Objects as Paired Keypoints. ECCV2018.
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iREF3 (Deep Learning)

5.1 CornerNet

CornerNet i#{thR
CornerNet-Lite: Efficient Keypoint-Based Object Detection

Hei Law Department of Computer Science
heilaw@cs.princeton.edu Princeton University
Yun Tang Princeton, NJ USA
_________ . I
R I .GornerNet-Saccadel,‘ours}l 1 : Time AP | AP | AP™ | AP
L | P YOLOvV3 30ms | 33.0 | 183 | 354 | 41.9
2 r State-of-the-art accuracy of keypoint-based object detection IComerNet-Squeeze I 30ms 34.4 13.7 36.5 47.4
a0 L CornerNet (single) 211ms | 40.6 | 19.1 | 42.8 | 54.3
_ComerNet (mult)__| 1147ms | 42.2 | 20.7 | 44.8 | 56.6
% L | CornerNet-Saccade || 190ms | 43.2 | 244 | 446 | 57.3
§ Table 6: CornerNet-Lite versus CornerNet and YOLOv3 on COCO test set.
36
IEorFerﬁet-_E'quee?e{Eurs_} | < s . :
24l e I Comparisons with YOLO and CornerNet. We also compare CornerNet-Lite with Cor-
‘YOLOVS [Redmon & Farhadi '18] nerNet and YOLOv3 on COCO test set in Tab. 6. CornerNet-Squeeze is faster and more
B ol o accurate than YOLOv3. CornerNet-Saccade is more accurate than CornerNet at multi-scales
| Real-fime inference :
| and 6 times faster.
30 | I I I I 1 1
0 200 400 600 800 1000 1200

inference time (ms)

H Law, Y Teng , J Deng. CornerNet: Detecting Objects as Paired
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SLARESS (Deep Learning)

6.1 CornerNet

CornerNet Squeeze

def fire_block x, out_dim, sr=2, stride=1, name=None :
convl = _conv _norm x, 1, out dim // sr, ind=1, name=name
conv_1x1 = fluid.layers.conv2d
convl,

filter size=1,
num_filters=out_dim // 2,
stride=stride,
param_attr=ParamiAttr(
name=name + "_conv_1x1_weight", initializer=kaiming_init{convl, 1)),
bias_attr=False,

Hourglass104
name=name + ' conv_1x1'

conv_3x3 = fluid.lavers.conv2d
convl,

filter size=3,

o HLSMERMINBIIE w ol
® “ZE5SqueezeNetMobileNetfyigitE48 e

param_attr=ParamAttr(
name=name + "_conv_3x3 weight", initializer=kaiming_init(convl, 3 ),
<[:}7 bias_attr=False,
name=name + ' conv 3x3',
use_cudnn=False

thUt ()perator ()UtpLﬂ conv2 = fluid.layers.concat
Residual block in CornerNet ® lconv_1x1, conv 3x3|, axis=1, name=name + ' _conv2'
; pattr = ParamAttr name=name + '_bn2_weight'
hxwxk 3 x 3 Conv, ReLLU hxwxk battr = ParamAttr name=name + '_bn2_bias'
hxwxk' 3 x 3 Conv, ReLU hxwxky TJ% NI %ﬂil:l
- - . H D |IE.I| 7\ bn2 = fluid.layers.batch_norm
Fire module in CornerNet-Squeeze input=conv2,
7 L . .
hxwxk 1 x 1 Conv hxw X k2 ;:i‘:;“::‘irfpaﬁ:z ’
hxwx % 1 x 1 Conv + 3 x 3 Dwise, ReLU | hAxw xk’ bias: attr<bater;
i = '_bn2 i :
Table 1: Comparison between the r651dual block and the new fire module et T B nnr: ol il i

i (1[0

0, < o Moving,variance pane=nams, +,.,bg rupning ver.. ULl Us 1 G e
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iREF3 (Deep Learning)

5.1 CornerNet

CornerNet Squeeze SEIRZEER

EIF#E2/GPU mAP

CornerNet-Squeeze(paper) ResNet50 14 34.8 35.5
CornerNet-Squeeze(paddle) ResNet50-vd 14 32.7  47.01
CornerNet-Squeeze-dcn(paddle) ResNet50-vd 14 349 4043

CornerNet-Squeeze-dcn-mixup-

LI ResNet50-vd 14 38.2 39.70
cosine*(paddle)

*CornerNet-Squeeze-dcn-mixup-consineEE F/EhkCornerNet-Squeeze LIt AR FIFIIEEL, £
ResNet50-vd &R EM_EHEIN T mixupfidtI®E, v]ZTH &fAFcosine_decayly=>)ZR5KHE,

H Law, Y Teng, O Russakovsky, J Deng. CornerNet: Detecting Objects as Paired

http://DeepLearning.ouxinyu.cn BTN ( Detection) BX#h= | ouxinyu@alumni.hust.edu.cn 226/269
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5.1 CornerNet

CornerNet &%

Prediction Module

Top-left Corners  , ~ ’ HiEatmaps
[ Corner Pooling
e Ue\ > Embeddings
\
Prediction Module ; \
\ Offsets
\
Bottom-right corners . /
Hourglass Network
Heatmaps Bz ErE
v fEIRI{A% R cornetRYalH T X 8 AR ST B il
v #Z&Ei%: Reduce penalty, Corner Pooling so s Ty
£
Embeddings Heatmaps+Embeddings+offsets
< BRAAS A CormerNetit it
v [E—Hir—X n VERS - 1 FE
E—HirN— A RBUERS CornetNet Sq ueezelF/ MEMEE SIGLNETFE

v =] — —\° IJ_'_I BTG
Z:H E*ZFE/‘J Xj%,\\\EE%EXjC H Law, Y Teng, O Russakovsky, J Deng. CornerNet: Detecting Objects as Paired
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FCOS
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SLARESS (Deep Learning)

6.2 FCOS
FCOS: Fully Convolutional One-Stage Object Detection

FCOSE—FETFFCNRIZRIR =
Hirf@lN&EE, TWTXHER
(anchor-free), FTEINIE(proposal
free)BfERSE, FNRHPCE

(centerness)fyEAE,

----------------------------

g Anchor Free \‘
i |
1 { 1
1 1
' I
: EFxEs EFRLE i
1 keypoint-based center-based :
. I
I . :
1

1 7r CornerNet % FCOS | # CenterNet :
. I
' i
I\ | CornerNet-Lite " TTFNet 1
AY ;’

N IR

————————————————————————————

Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object
2 Ertiia BX#h= | ouxinyu@alumni.hust.edu.cn 230/269
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SLRFESS (Deep Learning)

.2 FCOS

forward /inference

backward /learning

i

o Z1
Proproun gttt

21
Fully Convolutional Networks for Semantic Segmentation

FCNR—MunZlimdy, HFRENEHEAINENX D E

7305, CEEIF A E ) 14975 AR G =
il FEAILSHESERTRMmARI TSR E L.

Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object
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SEHFEEZES (Deep Learning)

6.2 FCOS

Is FCN can be used in Detection?

TN REREERIX
sTrPNmsEEN T ST, MTEEHRNR
7x8 /128 E, : i é}EXjRJ g&/u\ I\i'tl_

] 6 ; ; S J,.-}"Jir . . ‘\“'\ NP2
13x16 /64 ! » Head Frad Classification » 24\
N o ssification - 43281 Focal Loss

_,@ ..... +m Centerness  chy('\EF: BCE Loss
x4 >

/Ca Pa ¥ | |
50x64 /16 / H /L—» Head i Regression | IE' UEl loU Loss
; I T HxWx4 | ’
. b | PR » —_— .
/ CS ; s v &
100x128 /8 4 - : i E
4 7 y |

HW /s | Backbone . FeatwePyramid Classification + Center-ness + Regression
Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object Detection. ICCV2019.

25x32 /32 |

Head L HXWx256  HxWx256

Shared Heads Between Feature Levels
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SLARESS (Deep Learning)

6.2 FCOS

FCOSHY$3 2593 32HIEIIT 532

PRI VNEZFNEGEAR, M {SE R — A T T ?
ARERols(loUAFE3EAIANChon), [T 7 e
BERRERR BIrEA, WAL ]
BEA, WIRAISSHI BItE =1, y:

BUAREER, I

—— &

Head

mm .g&
| TR

B BRE

| R

8 RO £ R
Head
o DENT: ST OMIGHE, BMEE
AT SRR, $HT5 2515
o BEASY: UBRERS M ERREmE S
SRS —
USRI BT ) 15 e

Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object
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SLHRESS (Deep Learning)

6.2 FCOS

FCOSHJHE (Center-ness) '3z
v R,

Centerness->1
v EREFL,

Centerness->0

=7

min({*,7*)  min(t*, b*)

centerness” = S '
max({*,r*)  max(t*,b*)
Classiﬁcation\.".l
Hx W= :
| _,[i “#ws_| 2 Binary Cross Eriropy Loss
: k ; y \ropy

HxWx236 HxWx236

: Regression |
—_— - » —_— HxWxd :

Hyx Wx256 HxWx256

Score=Score*Centerness

Shared Heads Between Feature Levels

Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object Detection. ICCV2019.
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SLARESS (Deep Learning)

.2 FCOS

FCOSH/LERIER

Center-ness
2= 7 RolshY
£ u EE, R
TIoUEBERIK
g § EEEERS
02- 0.2 E"JBBOX, ﬂ_’ﬂl]
o KB RE T
Rols E % H/\J j:% ' ' classification_score ' ' '  classification_score * center-ness ‘
SR 7T e
MRS, AP APso APy | APs APy AP
None 33.5 52.6 3.2 20.8 38.5 42.6

center-ness’ | 33.5 | 52.4 L4 | 20.8 378 428 ETFEIAREEFOE
cenfer-ness 1.y | 559 39.8 | 21.3 410 478 grempgoTitEdE

He. FCOS: Fully Convolutional One-Stage Object
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SLRFESS (Deep Learning)

6.2 FCOS
Caiming He, ECCV20TE FCOSHI#H{LAR

Table 3: FCOS vs.'RetinaNet on the minival split with ResNet50-FPN backbone
Method C's/Ps5 w/IGN nms thr. AP APsg  AP-5 APg APas APy, ARy ARq0 AR100

RetinaNet Cs .50 335 | 360 382 | 200 398 474 | 31.0 494 2.5

FCOS Cs £ 36.3 | 54.8 387 | 205 398 478 | 315 50.6 945
FCOS Py 364 | 549  38.8 19.7 397 488 | 314 506 534

FCOS Ps 60 \J 365 545 302 | 198 400 489 | 31.3 512 54.5

FCOS Ps v .60 37.1 ) 559 308 | 213 410 478 | 314 514 54.9
Improvements
1 + ctr. on reg. Ps v .60 37.4 | 56.1 403 | 21.8 412 488 | 31.5 51.7 55.2
2 + ctr. sampling [1]] Ps v .60 38.1 | 56.7 41.4 | 22.6 41.6 504 | 32.1 52.8 56.3
3 + GIloU Ps v .60 B3 | 571 0 | 219 424 495 | 320 529 56.5
4 + Normalization & v .60 38.6 | 574 414 | 223 425 498 | 323 534 - |

1. Centernessyxz5M|F5 ST HE=4HIE
2. TEGTRIHOERD RRFFIEEAR

3. {EFGloU LossEKESTlIoUSMYIEES S
4. (ERFPNESSRXEIA B R TIERIMY

en, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object Detection. ICCV2019.
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SLARESS (Deep Learning)

PaddleX}FCOSHY

BHME EREE/GPU

FCOS(paper) ResNet50 2 38.7 -~
FCOS(paddle) ResNet50 2 39.8 18.85
FCOS+multiscale train(paddle) ResNet50 2 42.0 19.05
FCOS+DCN(paddle) ResNet50 2 44.4 13.66

*FPSHEERV100 GPU, {&EHeval.pyilllif

Zhi Tian, Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object
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SLARESS (Deep Learning)

FCOSRIELZ MG

a1

o WNlZMEERRIZEFIFMZREIBIE(GroundTruth)BIEER

® EENMIRIIAIEER

o EUGEERRIINAEENSEAERECIE (REIERE)

o XIRIEFEPORRENEREINUE (il EEEERSEIoUR{ERIANChor)
o GERIEEHO ML, O ERk/\

13x16 /64 P6 :—o Classification
I o HxWxC
25x32 /32 L ‘ ellf"-/ness
g | x
H \ H,me HXM_.
: . m ..... m
100

(:3 [ A i

128 /8 / \
e f Ll HXWX256 HxWx256
L !
HxW [s ’ Feature Pyramid Classification + Cents + Regressi

Zhi Tlan Chunhua Shen, Hao Chen, Tong He. FCOS: Fully Convolutional One-Stage Object
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CenterNet
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3 CenterNet

CenterNet: Objects as Points

Objects as Points

Xingyi Zhou Dequan Wang Philipp Kriahenbiihl
UT Austin UC Berkeley UT Austin
zhouxy@cs.utexas.edu dgwang@cs.berkeley.edu philkr@cs.utexas.edu

o,
-
o
Q
G.
R "'-\\ o
i Anchor Free \ 30 =@ (CenterNet(ours)
i : FasterRCNN
i ‘ ' ! = RetinaNet
I BFRA BFhA ) YOLOv3
: keypoint-based center-based : a5, ] : : |
: ) 0 50 100 150 200
1 i
i +r CornerNet % FCOS | +# CenterNet : Tferdnce intie (s)
. i Figure 1: Speed-accuracy trade-off on COCO validation for
| ¥ comnerNet-Lite I TTFNet ’: real-time detectors. The proposed CenterNet outperforms a
. A range of state-of-the-art algorithms.

Xingyi Zhou, Dequan Wang, Philipp Krahenbuhl. CenterNet: Objects as Points.
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3 enterNet

CenterNetfJiZz/(yEB48

A 3
RbR |
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% W ETJ- ) %z :)\ *T*E \
v ﬁETf 153

BEMBESS

WIBRSERl | v RIBRESFRUMIREIZE
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v iR R R, AMKElanchor

BMIBNE—LIEF AINMS

Xingyi Zhou, Dequan Wang, Philipp Krahenbuhl. CenterNet: Objects as Points.
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.3 CenterNet
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FGNER &l GT_BBox&[E GT_Bbox#Ifit
GT BBox TIAE MEES

http://DeepLearning.ouxinyu.cn Bf5t& (Detection) EXE=E | ouxinyu@alumni.hust.edu.cn 243/269



> (Deep Learning)

é 3 CenterNet

Fill BAREYHRG =

ZXttAnchor-basedpix =T
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v REREBFPN, RESRAE XD PERIHI TN
v SOEIEHEARIKET(UE, mAMKEITFOverlap

’

v SRAERIRE el B B

v {$FBheatmap#focal lossi#H T4

A=

v KAEURoffsetyY, RN TREERINEIRE

Xingyi Zhou, Dequan Wang, Philipp Krahenbuhl. CenterNet: Objects as Points. ICCV2019
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é 3 CenterNet
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F3E)(Orientation)By[=])= Hix

1 cocoJ:,U\, HES171M KR, B

B O RINX 174 KRBT
offset, REBFU— 1 heatmap

fimatch ([A|3offsetttE#zET%
PR ER)

, Philipp Krahenbuhl. CenterNet: Objects as Points.
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6.3 CenterNet

http://DeepLearning.ouxinyu.cn
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coco ZE&fhit
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5.3 CenterNet

CenterNetfJXJEKIELE
FEIIMERE T, BT HRATHETIGERS

Backbone FPS AP APsg A P-s APg APp APy,
MaskRCNN [2]] ResNeXt-101 11 30.8 62.3 43.4 22.1 43.2 31.2
Deform-v2 [63] ResNet-101 - 46.0 67.9 50.8 27.8 49.1 59.5
SNIPER [45] DPN-98 2.5 46.1 67.0 51.6 29.6 48.9 58.1
PANet [ 5] ResNeXt-101 - 47.4 67.2 51.8 30.1 51.7 60.0
TridentNet [2]] ResNet-101-DCN 0.7 48.4 69.7 53.5 31.8 51.3 60.3
YOLOvV3 [45] DarkNet-33 20 33.0 57. 18.3 254 41.9
RetinaNet [ 53] ResNeXt-101-FPN| 5.4 ; 61.1 24.1 44.2 51.2
RefineDet [5Y] ResNet-101 - 364/41.8 57.5/629 16.6/25.6 399/45.1 514/54.1
CornerNet [ 0] Hourglass-10 41 405/421 3565/51.8 19.4/20.8 42.77/448 53.9/56.7
ExtremeNet [6!] Hourglass-10 31 402/43.7 3551605 2047241 43.2/469 353.1/517.6
FSAF [6] ResNeXt-101 X7 - 65.2 26.6/29.7 46.2/47.1 52.7/54.6
CenterNet-DLA DLA-34 28 302/41.6 57.1/760. ; 199/21.5 430/43.9 51.4/56.0
CenterNet-HG Hourglass-104 7.8 ) i 1/63.9 4500/493 24.1/26.6 455/47.1 52.8/57.7

FEEET EEETHAP ZNEeE— R, BEEEFRIEMNTEL

Xingyi Zhou, Dequan Wang, Philipp Krahenbuhl. CenterNet: Objects as Points.

http://DeepLearning.ouxinyu.cn Bf5t& (Detection) BXFA=F | ouxinyu@alumni.hust.edu.cn 247269



SLRFESS (Deep Learning)

.3 CenterNet

CenterNet& ;X /NZE

i EE
v BEE@URRI S ORMRS
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v IBRIZEMIRITEE (DLA-34 and Hourglass-104)
v SEMREESEEREFHY EiE

v ZBRINMS/E RS T T IR TN
Disadvantage

v IIERTERAIS, cocoFUREFEARZI140epochs
v [BlFREEERNBEE O EE

LT

-

Xingyi Zhou, Dequan Wang, Philipp Krahenbuhl. CenterNet: Objects as Points.
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TTFNet
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6.4 TTFNet
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: I
I 1
i 4+ CornerNet * FCOS ¥ CenterNet : \\_____,//-——__.
| |
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AY U
N i

————————————————————————————

Zili Liu, Tu Zheng, et al. TTFNet: Training-Time-Friendly Network for Real-Time Object
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Annotated Boxes
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(c) Pixel (d) Gaussian Area
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6.4 TTFNet

442
TTFNethImILEEH EA%: EAFoca
LR BINPI T IRT R R LossHERHEA

C channels
Localization \
o
4 channels l
'.

/ Results

EEMNESE, |- |BES3E: EAGIoU Loss, ECEREINE,
| IR Eoffset ¥ WEARRERNNSR., (FFHMERRT B
"""""""" NE, RBE/NRT B SIREAITEE)

Zili Liu, Tu Zheng, et al. TTFNet: Training-Time-Friendly Network for Real-Time Object
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SEHFEEES (Deep

6.4 TTFNet

Learning)

TTFNetR)HRE S

FPS
85.92

BatchSize mAP
96 32.9

PILEEEE BT

=

TTFNet DarkNet53

F3)=: 0.0005 -> 0.015
IIlZREeEL: 140epoch -> 12epoch

Method Backbone | Schedule | w/Augmentation
CenterNet R18 2x v 20 0
CenterNet R18 2x 20.8

TTFNet R18 Zx 28.1
CenterNet R18 11.67x v 28.1

TTFNet R18 10x v 31.8
CenterNet DLA34 2x v 26.2
CenterNet DLA34 Z2x 31.6

TTFNet DLA34 2x 34.9
CenterNet DLA34 11.67x v 374

TTFNet DLA34 10x v 38.2

o iFiLHE

=

® TR
o REIZE

Table 8: TTENet vs. CenterNet.

=>PaddleDetection — configs — anchor free

SUE 7 batch sizeFIESCHE (55 FHEE S Ei =4 A =HIBBox) FEJRAD(E B AIKEX
0hﬁﬁﬁ%lm%@fﬁﬁ#$¢mmmumﬁjﬁEW%E%mﬁﬁi
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N

et al. TTFNet: Training-Time-Friendly Network for Real-Time Object

Zili Liu, Tu Zheng,
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Anchor FreeZ 5| &L IS
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Beyond 2D
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eyongd 2D
Birt&ill+ BiRTs = BKEGRTFR

people are in the background

man wearing a black shirt

i : : ; . [ elephant is standin
light on the wall sign on the wall man wearing a white shirt _— greenred shirt on a man p e[gephant N
ek . —_— Se—
man with roof of a
black hair building
man sittin trunk of an e
on a tableg white laptop  elephant green trees
on a table in the
rocks on background

man wearing Omnag f:t;llgg the ground #

blue jeans . leg of an
woman ball is elephant
wearing a Wilte w

blue jeans on black shirt :

the ground o ground is e leg of an

| chair is brown | iciple _ elephant
man sitting on a bench man wearing black shirt : shadow on
floor is brown ¥ ’ ground is brown elephant is standing the ground
Johnson, Karpathy, and Fei-Fei, “DenseCap: Fully Convolutional Localization Networks for Dense Captioning”, CVPR 2016
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BirtEi+ Big=E = BEE

man wearing a blue shirt
sitting on a chair

= et | N B computer
red and T monitor
brown chair ; e on a desk

silver handle
on the wall

Justin Johnson, Andrej Karpathy & Li Fei-Fei, CVPR, 2016 oning”, CVPR 2016
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. Beyongd 2D

Input Video 330 Video features Proposal module Proposals Output Captions | ly m Lay th
- I L udt
— I § ______
Start
2 = - It' o A Igdy_ joinsl‘[he man A woman walks to the piano and
= — = and sings along to :
S . — tend S themusc. briefly talks to the the elderly man.
g — 1 3
- ! — The woman starts singing along
...... .—.’ & i 3y
T W ~ o with the pianist.
LSTM Another man starts dancing to the
— Music, gathering attention from the

a lady joins crowd.

; : ; Eventually the elderly man finishes

1 t t .

: ' ' — playing and hugs the woman, and

______ e " the crowd applaud.
=
-

Ranjay Krishna et al., “Dense-Captioning Events in Videos”, ICCV 2017
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6. Beyongd 2D

108,077 Images

5.4 Million Region Descriptions

1.7 Million Visual Question Answers

3.8 Million Object Instances

2.8 Million Attributes

2.3 Million Relationships

Everything Mapped to Wordnet Synsets

Ranjay Krishna, Yuke Zhu, Oliver Groth, Justin Johnson, Kenji Hata, Joshua Kravitz,
Stephanie Chen et al. "Visual genome: Connecting language and vision using
crowdsourced dense image annotations.” International Journal of Computer Vision 123,
ne. 1.(2017); 32-73.
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6. Beyongd 2D
BtRtEil+ xR = 155E

face - *ﬁf,ﬂ

- = .\--H"'l.
mountain — behind — horse

P

Graph
Inference

Proposals

Xu, Zhu, Choy, and Fei-Fei, “Scene Graph Generation by lterative Message Passing”, CVPR 2017
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6 eyongd 2D
3DBFMEMN — EEEHRRIIEE
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6 eyongd 2D
3DBEFMEMN — EERHRRIIEE

Candidate sampling in 3D space

Scoring

Faster R-CNN | MV

P .
2D candidate boxes
e Ei&5Faster RCNNZE(LL, {B{FFA3DILRIE
® 3DXIFFRIN + 357521
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6. | eyongd 2D
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