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Introduction

* About Object Detection
* Input:
 [: input 1image
* {c4,Cy, ..., Cpn}: Object classes to

be detected

* Output:
* {ry, 1y, ..., }: bounding boxes l, = cat
of m detected objects I, = cat
* {l;,1,,...1,, }: class labels of all I3 = dog
detected objects l4 = duck




Introduction

* Background

* Region-based CNN (R-CNN) has made
remarkable advance 1n object detection.

R. Girshick, et. al. “Rich Feature Hierarchies for Accurate
Object Detection and Semantic Segmentation,” CVPR, 2014

* Fast R-CNN mmproves detection speed by sharing
convolution feature map across proposals.
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R. Girshick, “Fast R-CNN,” CVPR, 2015
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* Background: FasteR- RANN

proposal
generation

classification

and localization RPN
convolutional aem
feature map @ ﬁ
| | Rol classification/ {cat, dog, duck}

pooling

regression 6
J. R. Ujjlings et. al. “Selective Search for Object Detection” 1JCV, 2013. S it



Introduction

e Architecture Overview proposals

R \
l/,
’ classification
VGG16 o ' :
' hooling regression

| ReNifmsipacosseoieipgidsbebjersid o

Jetdtindipesyibell Olas biabulx, pospogively.
\|
K. Simonyan et. al. “Very Deep Convolutional /@ .
Networks for Large-Scale Image Recognition,” ICLR, 2015. s Ncust:



Introduction

* Architecture Overview
* Efficiency: two-level feature sharing

* first-level: region proposal and detection

* second-level: among generated proposals

A e &

convolutional
feature map

region proposal process

RoI
class1ﬁcat10n _
oohn re oression |

object detection process
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* Architecture Overview
* Efficiency: two-level feature sharing

* first-level: region proposal and detection

* second-level: among generated proposals

convolutional
feature map

- 3 8
Nkfus’rcc



Introduction

e Architecture Overview
e Effectiveness: two-level anchor mechanism.

 Anchor is a reference box (x4, y,, Wq, hy)

* Anchor parameterizes a target box (x;, y¢, W, ht)
by regression offset (dy, dy, d,, dy)
X

g l Wi displacement | dy = (X; = Xa)/Wa

dy = (Yt — Ya)/ha

dy = We/Wa } |
scaling
dp = h¢/hq
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e Architecture Overview
e Effectiveness: two-level anchor mechanism.

 Anchor is a reference box (x4, y,, Wq, hy)

* Anchor parameterizes a target box (x;, y¢, W, ht)
by regression offset (dy, dy, d,, dy)

(Xg, Vo, Wg, hg) = (100,200, 50,100)
(dy,dy, dy,dp) = (—2.0,—1.0,0.5,1.0)

xe =100 , -3 wg =501, 0.5=w,/100

ye =200, —3(h =100 4 10=p,/100
(xtl yt an }09’2’0((&)0 300) "\‘jN‘l‘cfusfnclo



Introduction

e Architecture Overview
e Effectiveness: two-level anchor mechanism

* first-level: put several anchors at every point (dense)

* second-level: take proposals as anchors (sparse)

convolutional
feature map

classification
regression
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Network
Ingredient

* RPN: intermediate layer

e extract feature map for proposal generation.
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Ingredient

* RPN: regression/classification layers

A!’ T

- =

-.’””‘H <18
i =
—ls |
-”’ 4 class probabilities
. (Pobjr Pbg)

of W X H X 9 anchors

9 anchors A
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Network
Ingredient

* RPN: regression/classification layers
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WXxHX9
targets

N

object proposals

target box 1
— —
derivation > NMS =

i

non-maximum
suppression

dy =Xt — Xq)/Wq

dy =Vt — Ya)/ha

dy = Wt/Wa

dp = he/hq
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* Detection Network
* flatten proposal feature maptoa 7 X 7 X 512 (=
25088) feature vector
* use two fully connected layers for reducing
feature dimension to 4096

4096
W
25088
4096

Vo 4096
/ \ — X0
V1 —
' . V V4 X1
7 ’ ?12 . g NAM
map ; :
7 flattening \ ' ' X4095
V25087 P) .
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Network
Ingredient

e Detection Network

* apply two fully connected branches for

. v
* regression: 4096 — (Nggss +1) X4 background (bg)

. . |
e classification: 4096 N 1
= Wetass 1) (dy, @y, oy, dp)

16
W4096

Yo C = {bg, cat,dog, duck} ",;4ss = 3
X0 Y1
cat dog (22)
xz (z1)
Y15 "
(z0) duck (z3)
Z
X4095 0

=3 Nkfusfccl i



b Lcat

bsse

bi,dog
D1e
D 1 duck
bZ,czr
bz,dog
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
bzicz b Gdog

bsa

}

six z values

()

l

—>» NMS —

non-maximum
suppression

20



Faster R-CNN Training

* Training Overview

* select an 1mage with its labels from dataset

* flow through Faster R-CNN network to obtain

* RPN: regression offset map and classification map

* Detection Network: object regression offset {y,, v4, ...}
and class probabilities {z,, z4, ...}

* compute prediction loss for updating parameters

e RPN: convolutional kernels

* Detection Network: weight matrices
‘@.M‘cfusmzl
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Faster R-CNN Training

RPN Loss L™ ()
* The computation of RPN loss 1s on a mini-batch

* 128 positive (object) anchors

* 128 negative (background) anchors

Quarter Unit: Region Proposal Network (PRN)
(00:13:40)

https://youtu.be/0tBhR{EZUWs
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#F=%/ Faster R-CNN Training

RPN Loss L0 ()
D= {ci("),ﬁ(i)}fjf : selected anchors

c O = (A9, 40 i R1asS progabstitoes effsi¢h afighound-

truth box with respect to ith anchor

—_— £ DELN 4 = 32 32 2256 282
y | L = (GEzsfia et oty
| i A(2 64 —64 256 282
R A T ¢
€= AN
128 A v \\\ ﬁobjr pAbg
Sl <2362 ) 15(1) = (1.0,0.0)
ey

- Nl:fusfac



Faster R-CNN Training

RPN Loss L) (.)
» {d®W, pW}:predicted parameters from RPN
« LM (.) evaluates fitness of {d®,p®} to {d®,p®)

dV =(0.4,0.2,1.2,1.2)

regression
ma
P / d® = (0.2,0.35,2.0,2.0)
« | ®| —| RPN ‘
&
S 3 (1) = (0.6,0.4)
- N\ P
classification p(Z) = (0.2,0.8)
€)



Faster R-CNN Training

* RPN Loss LM ()

regression term  classification term

-----
. NS

L, p0)) = Y P 180, (a0,a0) + 3 L (p®, pO)
i tnans® l

*

* regression term Ly (x)
* depend only on positive anchors |

. [ - smooth L, function

reg:
e classification term — X
« 17 log loss function L () =1 05x% iflxl<1
|x| — 0.5, otherwise

2 T y
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Faster R-CNN Training \/

* RPN Loss LM (): Y oy x Ly (a,a®)

ng"e)g (d(i)’ a(i)) ~ L, (dg) . a;i)) + L (dgi) _ a;i))
+L, (log (d‘gf)) — log (a‘(;;))) + L4 (log (d;li)) — log (’dg‘)))

& @ dw dh = Lg (0.275)0+I2ZDBT5)X0. 2 — 0.125)

_
d’= (04 82 12 012) L) (log(1.2) — log(1.0))

+(0.5 x (0.18)2) +(0.5 x (0.09)?)
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Faster R-CNN Training

* RPN Loss LM (): ) 19®,5®)

LR, 5®) = - (B x log (nL7,) + By x 108 (v1)))

PRV

M) l

PRI 00— (al o)+ wibed 1))

L : IR .(.2__)_
....... — (ﬁobj X log (pobj) + Ppg X log (pbg))

8% (o0 1.9)
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Faster R-CNN Training

* Detection Loss L4 (.)

* A mini-batch for computing detection loss
consists of 128 proposals (anchors)

* 32 object proposals (max. IoU = 0. 5)
* 96 background proposals (0.1 < max. IoU < 0.5)

b.(cat)  b: (l{aclfgrountb cat cat do g duck
AR ;
T’_ ' b. (08 06 00 00 >0.5 catproposal
e . e D 0.0 017 02 00 <0.5 bgproposal

IoU: Intersection over Union @\Emsffg



* Detection Loss L4 (.)

D= {d("),ﬁ(")}if : selected proposals

dx dy
d%= (02 02

Pbg  Pecat
p= (0.0+1.0
%= (L0 0.0

Faster R-CNN Training

dw dh
1.0 1.0)

20 2.0)

Pdog  Pduck
0.0 0.0)

0.0 0%
3 30

- N;fuﬂcc



* Detection Loss L4 (.)

Faster R-CNN Training

- {d, p®}: predicted parameters from detection

network.
{bg, cat, dog, duck} (1)
Yo:3
x N (€Y
b (car) b (background) 0 y4 !
- T | __“;ﬁ V8:11
st % ‘..‘ t:.b a
“’ = RS fe— (1)
' > o ylz 15
e ':';t'%._':".,b,,.,},}! Wf‘-‘g‘-\’ii}l?“i X 5
i A 1 S S Xy
G p

2
y(gz?)) > d@

(2)
Va7

(2)
Yg:11

(2)
Yi2:15

Z( ?? —»p(z)

F 31
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Faster R-CNN Training

* Detection Loss L@ ({d®,p®})

= QL0 Bg)x 1 (a0.30) + ) L (0 p)

L4

@
......
-----------

regression term classﬁication term

) Pbg 0 pcat pdog pduCLh

ey _
Var g (0.6 °1.0%30.0" 0.0
RPN

Ami( (2 0H) 0% 026 P caression

d®=(-02 02 1.0 1.0)

kfustce
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Faster R-CNN Training

* Detection Loss L@ ({dV, p(D})

~ d = 1¢ A) (. (D) (i
_ Z(l' 0 — (z)) x LD (d®,d®) +2 LD (p®, p®)
[ l

classification term

L(cls)‘ (p(lw)p_l)g(n_ o wtxpfgg pgﬁ(l))

5=

IO
) "‘pndfck X log (pduck))

L< >(p(2) p@)

kfustce
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