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Introduction

• About Object Detection
• Input:

• 𝐼: input image

• ሼ𝑐ଵ, 𝑐ଶ, … , 𝑐ሽ: object classes to 
be detected

• Output:
• ሼ𝑟ଵ, 𝑟ଶ, … 𝑟ሽ: bounding boxes  

of 𝑚 detected objects

• ሼ𝑙ଵ, 𝑙ଶ, … 𝑙ሽ: class labels of all 
detected objects
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𝐶 ൌ ሼ𝐜𝐚𝐭, 𝐝𝐨𝐠, 𝐝𝐮𝐜𝐤ሽ

𝐼

𝑟ଵ

𝑟ଶ

𝑟ଷ
𝑟ସ

𝑙ଵ 𝑙ଶ

𝑙ଷ
𝑙ସ

𝑙ଵ ൌ 𝐜𝐚𝐭
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𝑙ଷ ൌ dog

𝑙ସ ൌ 𝐝𝐮𝐜𝐤



Introduction

• Background
• Region-based CNN (R-CNN) has made 

remarkable advance in object detection.

• Fast R-CNN improves detection speed by sharing 
convolution feature map across proposals.
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R. Girshick, et. al. “Rich Feature Hierarchies for Accurate 
Object Detection and Semantic Segmentation,” CVPR, 2014

R. Girshick, “Fast R-CNN,” CVPR, 2015



Introduction

• Background:
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J. R. Uijlings et. al. “Selective Search for Object Detection” IJCV, 2013.
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Introduction

• Architecture Overview
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convolutional 
feature map RPN

classification
regression

RoI
pooling

RPN: outputs a set of rectangular object extents 
(called proposals)

RPN

proposals

RoI
pooling

RoI pooling: converts proposal feature maps into a 
fixed-size small one by max pooling.

classification
regression

classification/regression: localizes all objects and 
determines their class labels, respectively.

K. Simonyan et. al. “Very Deep Convolutional 
Networks for Large-Scale Image Recognition,” ICLR, 2015.

detection results

VGG16



• Architecture Overview
• Efficiency: two-level feature sharing

• first-level: region proposal and detection
• second-level: among generated proposals

Introduction
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• Architecture Overview
• Efficiency: two-level feature sharing

• first-level: region proposal and detection
• second-level: among generated proposals

Introduction
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Introduction

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

• Anchor is a reference box 𝑥, 𝑦, 𝑤, ℎ

• Anchor parameterizes a target box 𝑥௧, 𝑦௧, 𝑤௧, ℎ௧
by regression offset ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)
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𝑥, 𝑦, 𝑤, ℎ

target

anchor

𝑥௧, 𝑦௧, 𝑤௧, ℎ௧

𝑑௬ ൌ ሺ𝑦௧ െ 𝑦ሻ/ℎ

𝑑௪ ൌ 𝑤௧/𝑤

𝑑 ൌ ℎ௧/ℎ

𝑑௫ ൌ ሺ𝑥௧ െ 𝑥ሻ/𝑤

ሺ𝑥௧, 𝑦௧ሻ

𝑥, 𝑦

displacement

scaling

𝒙
𝒚



Introduction

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

• Anchor is a reference box 𝑥, 𝑦, 𝑤, ℎ

• Anchor parameterizes a target box 𝑥௧, 𝑦௧, 𝑤௧, ℎ௧
by regression offset ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)
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𝑑௬ ൌ ሺ𝑦௧ െ 𝑦ሻ/ℎ

𝑑௪ ൌ 𝑤௧/𝑤

𝑑 ൌ ℎ௧/ℎ

𝑑௫ ൌ ሺ𝑥௧ െ 𝑥ሻ/𝑤

𝑥, 𝑦 ൌ ሺ300,300ሻ

𝑤 ൌ 100 𝑑௫, 𝑑௬, 𝑑௪, 𝑑 ൌ ሺെ2.0, െ1.0, 0.5, 1.0ሻ

െ1.0 ൌ ሺ𝑦௧ െ 300ሻ/100

0.5 ൌ 𝑤௧/100

1.0 ൌ ℎ௧/100

െ2.0 ൌ ሺ𝑥௧ െ 300ሻ/100

𝑦௧ ൌ 200

𝑤௧ ൌ 50

ℎ௧ ൌ 100

𝑥௧ ൌ 100

𝑤௧ ൌ 50

𝑥௧, 𝑦௧ ൌ ሺ100,200ሻ

𝑥, 𝑦, 𝑤, ℎ ൌ ሺ100,200, 50, 100ሻ



• Architecture Overview
• Effectiveness: two-level anchor mechanism

• first-level: put several anchors at every point (dense)
• second-level: take proposals as anchors (sparse)

Introduction
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Network 
Ingredient
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1: 1 2: 1 1: 2
128ଶ 256ଶ ሺ512ଶሻ

conv. feature map
(front view)

RPN

class probabilities
ሺ𝟏 ൈ 𝟏 ൈ 𝟏𝟖ሻ

regression offset
𝟏 ൈ 𝟏 ൈ 𝟑𝟔

ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)

ሺ𝑝, 𝑝ሻ

regression offset map class probability map



Network 
Ingredient

• RPN: Architecture
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conv. 
feature map

RPN

interm
ediate 

layer

regression
layer

classification
layer

intermediate layer: convert conv. feature map to 
the one specifically for proposal generation. 

interm
ediate 

layer

regression
layer

classification layer: predicts the object / 
background probabilities of all proposals.

classification
layer

regression layer: predicts regression offset of all
proposals



Network 
Ingredient

• RPN: intermediate layer
• extract feature map for proposal generation.
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convolution

512 conv. kernels (3x3x512)

padding

one-pixel
width



Network 
Ingredient

• RPN: regression/classification layers
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regression
layer

classification
layer

9x4=36 conv. kernels (1x1x512)

9x2=18 conv. kernels (1x1x512)

regression offset 
ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)

of  𝑾 ൈ 𝑯 ൈ 𝟗 anchors

class probabilities
ሺ𝑝, 𝑝ሻ

of  𝑾 ൈ 𝑯 ൈ 𝟗 anchors9 anchors

regression offset
ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)

of  𝑾 ൈ 𝑯 ൈ 𝟗 anchors



Network 
Ingredient

• RPN: regression/classification layers
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target box
derivation NMS

𝑑௬ ൌ ሺ𝑦௧ െ 𝑦ሻ/ℎ

𝑑௪ ൌ 𝑤௧/𝑤

𝑑 ൌ ℎ௧/ℎ

𝑑௫ ൌ ሺ𝑥௧ െ 𝑥ሻ/𝑤 non-maximum 
suppression

𝑾 ൈ 𝑯 ൈ 𝟗
targets object proposals



Network 
Ingredient

• RoI Pooling
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RoI Pooling
RoI

clipping
RoI

division
max

pooling

RoI clipping: crop the conv. feature map 
according to the object proposal box

RoI
clipping

RoI
feature clip

RoI division: divide the RoI feature map 
into 𝑘௪ ൈ 𝑘 grids. ሺ𝑘௪ ൌ 𝑘 ൌ 7ሻ

RoI
division

7 ൈ 7 grids
(front view)

512

max pooling: apply max pooling to every 
channel of the grid

max
pooling

proposal 
feature map



Network 
Ingredient

• Detection Network
• flatten proposal feature map to a 

feature vector
• use two fully connected layers for reducing 

feature dimension to 
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𝑣

𝑣ଵ.
.
.
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𝑣ଶହ଼

map 
flattening

𝒙𝟎

𝒙𝟏

𝒙𝟒𝟎𝟗𝟓

𝑾𝟐𝟓𝟎𝟖𝟖
𝟒𝟎𝟗𝟔

𝑾𝟒𝟎𝟗𝟔
𝟒𝟎𝟗𝟔



Network 
Ingredient

• Detection Network
• apply two fully connected branches for 

• regression: 4096 → 𝑁௦௦  1 ൈ 4

• classification: 4096 → 𝑁௦௦  1
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𝒙𝟎

𝒙𝟐

𝒙𝟒𝟎𝟗𝟓

𝐶 ൌ ሼ𝐜𝐚𝐭, 𝐝𝐨𝐠, 𝐝𝐮𝐜𝐤ሽ 𝑁௦௦ ൌ 3𝒚𝟎

𝒚𝟏

𝒚𝟏𝟓

𝒛𝟎

𝒛𝟑

background (bg)

offset: ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑)
𝑾𝟒𝟎𝟗𝟔

𝟏𝟔

𝑾𝟒𝟎𝟗𝟔
𝟒

object proposal bg
(z0)

cat
(z1)

dog (z2)

duck (z3)

𝐶መ ൌ ሼ𝐛𝐠, 𝐜𝐚𝐭, 𝐝𝐨𝐠, 𝐝𝐮𝐜𝐤ሽ
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𝟔 object proposals b2,cat

b6,cat

b1,cat

b3,cat

b4,cat

b4,cat

cat

b1,cat

b1,bg

b1,dog

b1,duck

b2,cat

b2,bg

b2,dog

b2,duck

b6,cat

b6,bg

b6,dog

b6,duck

𝒃𝟏

𝒃𝟐

𝒃𝟔

six 𝒛 values 
(cat)

NMS

non-maximum 
suppression

b2,dog

b6,dog

b1,dog

b3,dog

b5,dog

b4,dog

dog
six 𝒛 values 

(dog)
six 𝒛 values 

(duck)

b2,duck
b6,duck

b1,duck b3,duck

b5,duck

b4,duck

duck



Faster R-CNN Training

• Training Overview
• select an image 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 ሼ𝒚𝟎, 𝒚𝟏, … ሽ

and class probabilities ሼ𝒛𝟎, 𝒛𝟏, … . ሽ

• compute prediction loss for updating parameters
• RPN: convolutional kernels
• Detection Network: weight matrices 
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Image 
Dataset

randomly 
selection

𝑙ଵ ൌ 𝐜𝐚𝐭 𝑙ଶ ൌ 𝐜𝐚𝐭

𝑙ଷ ൌ dog 𝑙ସ ൌ 𝐝𝐮𝐜𝐤

𝒚𝟎, 𝒚𝟏, … …
𝒛𝟎, 𝒛𝟏, … …

VGG16

RPN loss
computation

𝒓𝟏, 𝒓𝟐, 𝒓𝟑, 𝒓𝟒

detection loss
computation

𝒓𝟏, 𝒓𝟐, 𝒓𝟑, 𝒓𝟒

𝒍𝟏, 𝒍𝟐, 𝒍𝟑, 𝒍𝟒

back 
propagation +

RPN

classification
regression

RoI
pooling

𝑾𝟐𝟓𝟎𝟖𝟖
𝟒𝟎𝟗𝟔 , 𝑾𝟒𝟎𝟗𝟔

𝟒𝟎𝟗𝟔, 𝑾𝟒𝟎𝟗𝟔
𝟏𝟔 , 𝑾𝟐𝟓𝟎𝟖𝟖

𝟒

ൈ 𝟓𝟏𝟐
ൈ 𝟑𝟔 ൈ 𝟏𝟖

update



Faster R-CNN Training

• RPN Loss ሺሻ

• The computation of RPN loss is on a mini-batch
• 128 positive (object) anchors

• 128 negative (background) anchors
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https://youtu.be/0tBhRfEzUWs

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



Faster R-CNN Training

• RPN Loss ሺሻ

• 𝐷 ൌ 𝑑መ  , 𝑝ሺሻ
ୀଵ
ଶହ : selected anchors
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• 𝑑መሺሻ ൌ 𝑑መ௫
 , 𝑑መ௬

 , 𝑑መ௪
 , 𝑑መ

 : regression offset of ground-
truth box with respect to 𝑖th anchor

𝑑መሺଵሻ ൌ
32

256 ,
32

256 ,
256
256 ,

282
256𝑑መሺଵሻ ൌ 0.125, 0.125, 1.0, 1.1

𝑑መሺଶሻ ൌ
64

256 ,
െ64
256 ,

256
128 ,

282
128𝑑መሺଶሻ ൌ 0.25, െ0.25, 2.0, 2.2

• 𝑝ሺሻ ൌ 𝑝
 , 𝑝

 : class probabilities of 𝑖th anchor

𝒙
𝒚

𝑝ሺଵሻ ൌ 𝟏. 𝟎, 0.0

𝑝ሺଶሻ ൌ 0.0, 𝟏. 𝟎

𝑝, 𝑝



Faster R-CNN Training

• RPN Loss ሺሻ

• 𝑑ሺሻ, 𝑝ሺሻ : predicted parameters from RPN

• ሺሻ evaluates fitness of  𝑑ሺሻ, 𝑝ሺሻ to 𝑑መ  , 𝑝ሺሻ
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RPN

regression
map

classification
map

𝑑ሺଵሻ ൌ 0.4, 0.2, 1.2, 1.2

𝑑ሺଶሻ ൌ 0.2, 0.35, 2.0, 2.0

𝑝ሺଵሻ ൌ 𝟎. 𝟔, 0.4

𝑝ሺଶሻ ൌ 0.2, 𝟎. 𝟖



Faster R-CNN Training

• RPN Loss ሺሻ

• regression term
• depend only on positive anchors
• 𝐿

ሺሻ : smooth 𝐿ଵ function

• classification term
• 𝐿௦

ሺሻ: log loss function
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𝐿ሺሻ 𝒅ሺ𝒊ሻ, 𝒑ሺ𝒊ሻ ൌ  𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ 𝐿

ሺሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ



  𝐿௦
ሺሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ



regression term classification term

𝑥

𝐿ଵሺ𝑥ሻ

𝐿ଵ 𝑥 ൌ ቊ 0.5𝑥ଶ, 𝑖𝑓 𝑥 ൏ 1
𝑥 െ 0.5, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒



Faster R-CNN Training

• RPN Loss ሺሻ : 
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 𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ 𝐿

ሺሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ



𝐿
ሺሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ ൌ 𝑳𝟏 𝒅𝒙

𝒊 െ 𝒅𝒙
𝒊  𝑳𝟏 𝒅𝒚

𝒊 െ 𝒅𝒚
𝒊

𝑳𝟏 log 𝒅𝒘
𝒊 െ log 𝒅𝒘

𝒊  𝑳𝟏 log 𝒅𝒉
𝒊 െ log 𝒅𝒉

𝒊

ൌ 𝑳𝟏 0.275  𝑳𝟏 0.075

𝑳𝟏 0.18 𝑳𝟏 0.090.4 0.2 1.2 1.2( )

dx dy dw dh

d   =
(1)

0.125 0.125 1.0 1.1( )d   =
(1)^

0.4 0.2 1.2 1.2( )

dx dy dw dh

d   =
(1)

0.125 0.125 1.0 1.1( )d   =
(1)^

ൌ 𝑳𝟏 𝟎. 𝟒 െ 𝟎. 𝟏𝟐𝟓  𝑳𝟏 𝟎. 𝟐 െ 𝟎. 𝟏𝟐𝟓

𝑳𝟏 log 𝟏. 𝟐 െ log 𝟏. 𝟎

𝑳𝟏 log 𝟏. 𝟐 െ log 𝟏. 𝟏ൌ 0.5 ൈ 0.275 ଶ  0.5 ൈ 0.005 ଶ

 0.5 ൈ 0.18 ଶ  0.5 ൈ 0.09 ଶ

𝑥

𝐿ଵሺ𝑥ሻ



Faster R-CNN Training

• RPN Loss ሺሻ :
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𝐿௦
ሺሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ ൌ െ 𝒑ෝ𝒐𝒃𝒋

𝒊 ൈ log 𝒑𝒐𝒃𝒋
𝒊  𝒑ෝ𝒃𝒈

𝒊 ൈ log 𝒑𝒃𝒈
𝒊

 𝐿௦
ሺሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ


0.6 0.4( )

pobj pbg

p   =
(1)

1.0 0.0( )p   =
(1)^

0.2 0.8( )p   =
(2)

0.0 1.0( )p   =
(2)^

ൌ െ 1.0 ൈ log 0.6  0.0 ൈ log 0.4

െ 0.0 ൈ log 0.2  1.0 ൈ log 0.8

ൌ െ 𝒑ෝ𝒐𝒃𝒋
𝟏 ൈ log 𝒑𝒐𝒃𝒋

𝟏  𝒑ෝ𝒃𝒈
𝟏 ൈ log 𝒑𝒃𝒈

𝟏

െ 𝒑ෝ𝒐𝒃𝒋
𝟐 ൈ log 𝒑𝒐𝒃𝒋

𝟐  𝒑ෝ𝒃𝒈
𝟐 ൈ log 𝒑𝒃𝒈

𝟐

0.6 0.4( )

pobj pbg

p   =
(1)

1.0 0.0( )p   =
(1)^

0.2 0.8( )p   =
(2)

0.0 1.0( )p   =
(2)^

 𝐿௦
ሺሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ





Faster R-CNN Training

• Detection Loss ሺௗሻ

• 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)

29IoU: Intersection over Union

 𝟎. 𝟓
൏ 𝟎. 𝟓

0.8 0.6
r1 r2

b1 

b2 

0.0 0.0
r3 r4

0.0 0.1 0.2 0.0

𝑐𝑎𝑡 𝑐𝑎𝑡 𝑑𝑜𝑔 𝑑𝑢𝑐𝑘

𝑐𝑎𝑡 proposal

𝑏𝑔 proposal



Faster R-CNN Training

• Detection Loss ሺௗሻ

• 𝐷 ൌ 𝑑መ  , 𝑝ሺሻ
ୀଵ
ଵଶ଼ : selected proposals

30

1.0 1.0 2.0 2.0( )d   =(2)^

-0.2 0.2 1.0 1.0( )
dx dy dw dh

d   =(1)^

0.0 1.0 0.0 0.0( )
pbg pcat pdog pduck

1.0 0.0 0.0 0.0( )p   =(2)^

p   =(1)^



Faster R-CNN Training

• Detection Loss ሺௗሻ

• 𝒅ሺ𝒊ሻ, 𝒑ሺ𝒊ሻ : predicted parameters from detection 
network.

31

𝒙𝟎

𝒙𝟐

𝒙𝟒𝟎𝟗𝟓

𝑾𝟒𝟎𝟗𝟔
𝟏𝟔

𝑾𝟒𝟎𝟗𝟔
𝟒

𝑦:ଷ
ሺଵሻ

𝑦ସ:
ሺଵሻ

𝑦 :ଵଵ
ሺଵሻ

𝑦ଵଶ:ଵହ
ሺଵሻ

𝑧:ଷ
ଵ

𝑑ሺଵሻ

𝑝ሺଵሻ

𝑦:ଷ
ሺଶሻ

𝑦ସ:
ሺଶሻ

𝑦 :ଵଵ
ሺଶሻ

𝑦ଵଶ:ଵହ
ሺଶሻ

𝑧:ଷ
ଶ

𝑑ሺଶሻ

𝑝ሺଶሻ

ሼ𝐛𝐠, 𝐜𝐚𝐭, 𝐝𝐨𝐠, 𝐝𝐮𝐜𝐤ሽ



-0.2 0.2 1.0 1.0( )

dx dy dw dh

d     =(1)^

-0.1 0.3 0.8 1.2( )d   =
(1)

y     =(1)
4:7
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ൌ ሺ𝟏. 𝟎 െ 𝒑ෝ𝒃𝒈
𝒊 ሻ ൈ 𝐿

ሺௗሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ


regression term

  𝐿௦
ሺௗሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ



𝐿
ሺௗሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ ൌ 𝐿

ሺ𝒓ሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ RPN
regression

0.0 1.0 0.0 0.0( )

1.0 0.0 0.0 0.0( )p   =(2)^

p   =
(1)^

pbg pcat pdog pduck

classification term



Faster R-CNN Training

• Detection Loss ሺௗሻ ሺ𝒊ሻ ሺ𝒊ሻ

33

ൌ ሺ𝟏. 𝟎 െ 𝒑ෝ𝒃𝒈
𝒊 ሻ ൈ 𝐿

ሺௗሻ 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ


classification term

  𝐿௦
ሺௗሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ



𝐿௦
ሺௗሻ 𝒑ሺ𝟏ሻ, 𝒑ෝሺ𝟏ሻ

𝐿௦
ሺௗሻ 𝒑ሺ𝟐ሻ, 𝒑ෝሺ𝟐ሻ

+
0.0 1.0 0.0 0.0( )

pbg pcat pdog pduck

1.0 0.0 0.0 0.0( )p   =(2)^

p   =
(1)^

0.1 0.7 0.1 0.1( )

0.6 0.0 0.2 0.2( )p   =(2)

p   =(1)z     =(0)
0:3

z     =(1)
0:3 െ 𝒑ෝ𝒅𝒐𝒈

𝒊 ൈ log 𝒑𝒅𝒐𝒈
𝒊  𝒑ෝ𝒅𝒖𝒄𝒌

𝒊 ൈ log 𝒑𝒅𝒖𝒄𝒌
𝒊

𝐿௦
ሺௗሻ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ ൌ െ 𝒑ෝ𝒃𝒈

𝒊 ൈ log 𝒑𝒃𝒈
𝒊  𝒑ෝ𝒄𝒂𝒕

𝒊 ൈ log 𝒑𝒄𝒂𝒕
𝒊
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