o3
+ Object Detection2 C}40| AFZ EXfSHe Ao A 2k AHEO| Q|X|oF S2HAS £H= ZhAQIL|CH
Classification Instance
Classification + Localization

Segmentation

. s - ¥R % N
.~’ . y e T
i -
e N v 4 ,-' ]
.’ . LA
Y #
' -~

CAT, DOG, DUCK CAT, DOG, DUCK

MR )
Y

Single object Multiple objects

https://medium.com/zvlapp/review-of-deep-learning-algorithms-for-object-detection-c1f3d437b852
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24| HZ=(Object Detection) Bi4!l: 2-Stage Aln} 1-Stage B4l H| w6}

« 2-Stage Detector

« X9 @ 2IX|E A+ EX|(localization)2t @ 2% (classification) 24| XX O 2 S| ALY

(ClIAL)

- Feature  Classification
Region proposals » » |
Extractor Regress'on

@

®

« 1-Stage Detector

« =X|2| RIX|E &= 2X|(localization)2t 25 (classification) X oF HH0j| sfATL|C.

« C(Classification
Feature Extractor » _
* Regression

(CllAL)
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A 2E Y4 2-Stage YA oAl

Selective ‘ Crop & ' ~ Store allregion feats —|m==——————— 1 l
-| Search Fn M il| Resize iawss 1| Regressors :
R-CNN ,: \ :1 7 ﬁ[ Cache P‘ |
o\ I SVMs I
| : b= J
Selective l Crop ' Rol a4 4 g 2 |Ipmmmmmemm——— 1 |
~|  Search ~| Region @ Layer Regressors :
- Softmax :
CNN
N A o o |mz=mmmmmmoe- ;|
R I
Faster ﬂ egressors |,
_ q |
R-CNN Rol Softmax :
Layer — TTEEEEEEEES -
Region Proposal

Network (RPN)

https://www.arxiv-vanity.com/papers/1908.03673/
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R-CNN ¥ 7|4

R-CNN
CVPR2014) | x| m2o9 38 End-to-End W40 S5 4 QI&LICk W2ty Global
== | Optimal Solution2 %t7| 0{&&L|C}.
E x1xy | F€ature Extraction, Rol Pooling, Region Classification, Bounding Box
ol Fast R-CNN = | Regression THH|(step)& 25 End-to-EndZ 20{A| &&E & &L}
(ICCV 2015)

CHY | 048] A I Selective Search= CPUOIA $3iz|2 2 £ 201 L2lL|Ct

0% o

FE- | RPNS H[QFst0], TN AT E End-to-EndZE &L 4 USLICE

Faster R-CNN

(NIPS 2015) 3| He HXHEZ 1HE|H, Region Classification THAOA 2F E%
= E{(feature vector)= JHEMO = FC layer= Forward & L|C},
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Region Proposals



« O|D|X[0f| A Cifot HEHS| PR (window)E £2t0|F(sliding)otH SX|7F EXHoH=X| 2FIgfL|Ct.
« 5 B2 QAo CHSHo] =HlsHof ofCH= EHE0| LIt
Eassssssssssssmm———)> = -0
LA AV

N
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. QITIBE WA(region)|2] RAHES S

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

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

S= SUS(ri,rj)

while S # 0 do

Get highest similarity s(r;,r;) = max(S)

Merge corresponding regions r; = r; Ur;

Remove similarities regarding r; : S = S\ s(r;, 7)
Remove similarities regarding rj : S = S\ s(ry,7;)
Calculate similarity set S; between r; and its neighbours
S=S5US;

R=RUr,

Extract object location boxes L from all regions in R

Selective Search &¢1z2|=
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2HK| H=(Object Detection) Het:




ML Mo X|B: MEtE (Precision)2} X312 (Recall)

0f|= A1} (Predict Result)

Positive Negative
Al Mt " TP (True Positive) FN (False Negative)
= od
(Ground Truth) | oV QICH 22 Tt QICHD Z2 TiEk
N : FP (False Positive) TN (True Negative)
egative QlCtn At mick QiCtn Sup mek

* Precision (J2tk)

+ SHLE| EEX[SH 2XI2| £(TP) / RHO| EX[$H BX|2] (TP + FP)
* Recall (Xjoig)

- SHtEA gX|et 2Me| =(TP) / X BE =Xl (TP + FN)
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ML Mo X|B: MEtE (Precision)2} X312 (Recall)

oAl 1) ZOX[2} 200t2] ZXHg i 20| 100f2(2] Z0X| & HE5HH 5012 = g=25| 5ol 32
« M=t (Precision) =5/10=50%, Xijed=(Recall) =5/ 20 = 25%

oAl 2) ZOrX[2F 100t2] e i 2EO| 200t2(2] Z0X|&E HE5HH 7012 = g=2o| 8ol 32
o M3 (Precision) =7 /20 =35%, X|gi=(Recall) =7 /10 =70%

-

- TOF = FH0f| CHoto] MR At=0| EXHetoial TEHS sl 2| o 20| BRI ?
» MeIE2 FOFK|X|EE Fete= BOX[A| ELICL
- 2of O =hae [i2H(confidence?t & M) A= 0| EAHSHCEL THEHSHH OfTH 20| BO{=NR?

-+ == FOMXX[T, e 2 ZOX[A| LTt
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Average Precision

« UHtMO Z M2t (Precision)2t A{edE(Recall)2 BHd |2 2HAH1E JHEIL|CY,
« [}2tA Average Precision@ 2 d&52 oI5t 4271 MaLiCt (Thx 24 22T =2 S0[E AH[4h

high score low score

T T FTFFTFT T F F.

(@) (b) (c) (e)

—

precision

0.5

‘ >
0 recall 1

https://www.catalyzex.com/paper/arxiv:1607.03476
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Intersection over Union (loU)

. loUZt = HL2E BEADL ZX| H|ES o|D|BLICt,
+ M5 O} OJAl: mAP@0.5 BTt 0152] 10U} 50% 04 [ HEroE THysIIcte ojojLict

« NMS AHALOA]: Z2 22 A (class)V|2| loUZF 50% O| At [ LH2 confidence®| boxE M| HEHL|CF.

(e
Area of Overlap
loU =
Area of Union
(&)

https://www.pyimagesearch.com/2016/11/07/intersection-over-union-iou-for-object-detection/
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NMS (Non Maximum Suppression)

« 2HH| HZ=(object detection)d|A|= StLE| QIAE A (instance)d]| StLE2| bounding box?t M-8 &|0{0F BHL|LC}.

 [2fA 42 49| bounding box?t AKX QU= A0 SHLEZ oHX|= HItH0| WO DL

B:dog M:cat loU?t E A E (threshold) 0|AQl =& box X|AH
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R-CNN (CVPR 2014)



R-CNN: Regions with CNN features (CVPR 2014)

« R-CNN ¥& =20{|A= HX Selective SearchZ 0|83l 2,000712| Region Proposal2 AidsfL|C}

2 Region Proposal2 20| CNNO| ‘20X (forward) ZBaE H|4AterL|Cf,

CNN

Region proposals

Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks (NIPS 2015)

Aeroplane 2.58%
Person 55.42%

Tvmonitor 1.59%

Apple 0.72%

For each Rol




R-CNN: Regions with CNN features (CVPR 2014)

® SVM + Regression

Bbox reg

SVMs

Bbox reg

SVMs

Bbox reg

SVMs
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R-CNNQ| =&t 1t

1. Selective search& 0|&3dl 2,00072| Rol(Region of Interest)E& ==L |Ct.
2. 20 Rol0]| CHoI warpings =5t &&¢t 27(2| ¥ O|0|X[= tHZ=LICt,
3. Warped imageE CNNOJ| ‘20{X{(forward) O|0|X| featureE Z==3ILICT.
4. off'd featureE SVMO| B0 2l A(class) =& 25 H5LICH

- Ofmy 2F S A0 tiol == EH o= 2HEl O|Fl(binary) SVME ARERILICEH

5. olig featureE regressort| ‘20 £|X[(bounding box)E H|SgfL|Ct.

A IITTTTTTIIIImImIIIIeeeeeeeeeeheeehehhhhhhhhhhhhhhh»”
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R-CNN: Bounding Box Regression

« X|¥9=}(localization) d&= =0|7] 25l bounding-box regression= A& erL|CY

(= |

» S HOEA:{(PL6Y)),

P
+ Ol 9IXI: PL = (P B RS, PL) T l
« M| 9I%: 6! = (GL G}, GL, G})
P, ¢
(P Py)

A IITTTTTTIIIImImIIIIeeeeeeeeeeheeehehhhhhhhhhhhhhhh»”
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R-CNN: Bounding Box Regression

* dx(P),dy(P), dW(P)l dh(P)

 Linear regressions TIgigtL |},

G, = P,d,(P) + P,
G, = Ppd,(P) + P,
G, =P, exp(dW(P))
G, = Py, exp(dh(P))

>

X

https://lilianweng.github.io/lil-log/2017/12/31/object-recognition-for-dummies-part-3.html
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R-CNNe| |

Q1= O|0|X|0f| CHSHH CPU ?|8H9| Selective SearchE TIGHsHOF 512 2 B2 A|2H0] AQEIL|CE.

o L— -

» T OFZ[EX0|A SVM, Regressor 2=0| CNN2t =2|%[0] RUS L.
« CNN2 I1HE[2Z SVYMIZt Bounding Box Regression 212 CNNZ 00| EE &~ Gl&L .
« CtA| el end-to-end HIAIO 2 ShESH 4~ QIELICEH

= T HAH

« = Rol(Region of Interest)& CNNOj| 20{0F 12| [F0{| 2,000H2] CNN Q34t0| HQfL|C,
- ohg(training)dt H2H(testing) 2HE0A B2 A|ZH0] EREHLICE.

LS —
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Fast R-CNN (ICCV 2015)



Fast R-CNN (ICCV 2015)

o

A d=LCE

Ot

HEHEECNNO|| 2 0] Feature Map

:

« S Ut Region proposal= 0|&6tx| O|0|X|E

CNN

Outputs:
P bbox

softmax regressor

4 4

Rol
pooling

: Rol
projection [|| d e e

Rol
feature vector

- /: e
SO YO

‘B AL PSR ]

|

For each Rol

E=H|
O -

Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks (NIPS 2015) Lt



Fast R-CNN: Rol Pooling Layer

Ofl CHSHoY A

2t Rol

=2l(max pooling)=2 0| &dH

0.5410.7710.81|0.73|0.25| 0.56 | 0.66 | 0.71
0.1310.45]0.84;0.25|0.62|0.73 | 0.45 | 0.56
0.16 0.65 | 0.91
0.83 0.30]0.72
0.17 0.54 | 0.43
0.32 O_.71 0.75
0.55 0.81 ] 0.49
0.68 0.68 | 0.35

M=l 37]|9| #lE{(vector)

Max Pooling

=)

ACID-I

M
o

0.88

0.67

0.94

0.93
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Faster R-CNN (NIPS 2015)

- #HEZ(bottleneck)d|| siESHE Region Proposal 2tHE GPU &X|0|A] itz 2

roposals
N\

« MA| OF7|’IXE end-to-end 2 gt& 7+ 2fL|CE.

RPN

CNN

feature maps

\

QL

L

Rol pooling

|t (RPN HE)

classifier
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Faster R-CNN: Region Proposal Networks (RPN)

« RPN HIEQ3 = feature map0| TR S M X2t S st QIX|Z o|EThL|Ct.
- kI8l dAH HfA(anchor box)E 0|8 & LILH.

« 20| fI=2(sliding window)=2 HA 2F 2|X|0{| CHSH Regression2t Classifications =atigtL|C}.

2k scores 4k coordinates <mm  /anchorboxes

cls layer \ t reg layer .

256-d
t intermediate layer

sliding window

conv feature map
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