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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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Introduction

• About Object Detection
• Two stages of an object detector

• proposal generation: capture the rectangular 
bounding boxes of all possible objects

• proposal classification: assign class labels to all 
bounding boxes.
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Introduction

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

remarkable advances in object detection

• use selective search to generate object proposals
• compute CNN features of each proposal and classify 

it by support vector machines (SVMs).
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Introduction

• RPN Background: R-CNN
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Introduction

• RPN Background: Fast R-CNN
• share convolution feature map across proposals

7
R. Girshick, “Fast R-CNN,” CVPR, 2015

selective
search

ROI
pooling

CNN feature
computation

classification
network

{𝐝𝐨𝐠,
𝐛𝐚𝐜𝐤𝐠𝐫𝐨𝐮𝐧𝐝,

 𝐜𝐚𝐭,
𝐜𝐚𝐭,
𝐛𝐚𝐜𝐤𝐠𝐫𝐨𝐮𝐧𝐝,
𝐝𝐮𝐜𝐤}

convolutional 
feature map

selective search becomes computational bottleneck



Introduction

• RPN Background: Faster R-CNN
• generate proposals based on convolutional 

feature map shared with classification stage
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RPN Architecture

• Anchors: proposal parameterization
• Anchors are reference boxes for encoding proposal 
• A proposal is parameterized as ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑) 

relative to an anchor .

9

ሺ𝑥, 𝑦ሻ
𝑥, 𝑦 

proposal

anchor

𝑑௬ ൌ ሺ𝑦 െ 𝑦ሻ/ℎ

𝑑௪ ൌ 𝑤/𝑤

𝑑 ൌ ℎ/ℎ

𝑑௫ ൌ ሺ𝑥 െ 𝑥ሻ/𝑤

relative encoding



RPN Architecture

• Anchors: proposal generation
• attach 9 anchors centered at each point of the 

conv. feature map
• 3 aspect ratios for detecting various object types
• 3 scales for dealing with scaling variance

• predict one proposal with 6 parameters with 
respect to each anchor
• ሺ𝑑௫, 𝑑௬, 𝑑௪, 𝑑): relative box parameters
• ሺ𝑝, 𝑝ሻ: object/background class probabilities

10



RPN Architecture
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RPN Architecture

• Convolutional Network: overview
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RPN Architecture

• Convolutional Network: overview
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RPN Architecture

• Convolutional Network
• intermediate layer: extract feature map for 

proposal generation.
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RPN Architecture

• Convolutional Network
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RPN Architecture

• Contribution: Multi-Scale Anchors
• There are two basic approaches for detecting 

objects in multiple scales.

16

Image Pyramid Filter Pyramid

multiple filters

Both approaches are time-consuming



RPN Architecture

• Contribution: Multi-Scale Anchors
• RPN localizes objects in multiple scales by 

multi-scale anchors (anchor pyramid)
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RPN Architecture

• Contribution: Multi-Scale Anchors
• Multi-scale anchors centered at the same point 

share the same feature. 
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RPN Training

• Training Step
• select an image from training dataset
• assign a label to each anchor
• form a mini-batch consisting of 256 anchors

• 128 positive (object) anchors

• 128 negative (background) anchors

• minimize the defined loss function
• optimization: stochastic gradient descent (SGD)
• learning rate: 0.001(first 60k); 0.0001 (next 20k)
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RPN Training
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• Anchor Labeling
• assign a class label to each anchor

• use IoU for measuring box overlap 

RPN Training
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RPN Training

• Anchor Labeling
• positive anchor labeling

• has the highest IoU with a ground-truth box
• has IoU  0.7 with any ground-truth box
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RPN Training

• Anchor Labeling
• negative anchor labeling

• has IoU < 0.3 for all ground-truth boxes

• border anchor labeling
• neither positive nor negative
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RPN Training

• Loss Function 
• let 𝐷 ൌ 𝑑መ  , 𝑝ሺሻ

ୀଵ
ଶହ be the selected anchors
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RPN Training

• Loss Function 
• 𝑑ሺሻ, 𝑝ሺሻ : proposal parameters predicted by RPN 

via anchors
• evaluates fitness of  𝑑ሺሻ, 𝑝ሺሻ to 𝑑መ  , 𝑝ሺሻ
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𝑑ሺଶሻ ൌ 0.2, 0.35, 2.0, 2.0

𝑝ሺଵሻ ൌ 𝟎. 𝟔, 0.4

𝑝ሺଶሻ ൌ 0.2, 𝟎. 𝟖

𝐿 𝒅ሺ𝒊ሻ, 𝒑ሺ𝒊ሻ ൌ  𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ 𝐿 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ



  𝐿௦ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ



regression term classification term



RPN Training

• Loss Function :
• 𝒐𝒃𝒋

𝒊 :only depends on positive anchors

•  : evaluate difference via smooth ଵ function
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 𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ 𝐿 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ



𝐿 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. 𝟏



RPN Training

• Loss Function :
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 𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ 𝐿 𝒅ሺ𝒊ሻ, 𝒅ሺ𝒊ሻ



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

𝑥

𝐿ଵሺ𝑥ሻ

ൌ 0.5 ൈ 0.275 ଶ  0.5 ൈ 0.005 ଶ

 0.5 ൈ 0.18 ଶ  0.5 ൈ 0.09 ଶ

ൌ 𝑳𝟏 0.275  𝑳𝟏 0.075 𝑳𝟏 0.18 𝑳𝟏 0.09



RPN Training

• Loss Function :

• ௦ : log loss function.
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𝐿௦ 𝒑ሺ𝒊ሻ, 𝒑ෝሺ𝒊ሻ ൌ െ 𝒑ෝ𝒐𝒃𝒋
𝒊 ൈ log 𝒑𝒐𝒃𝒋

𝒊  𝒑ෝ𝒃𝒈
𝒊 ൈ log 𝒑𝒃𝒈

𝒊
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𝟐 ൈ log 𝒑𝒃𝒈

𝟐

0.6 0.4( )

pobj pbg

p   =
(1)

1.0 0.0( )p   =
(1)^

0.2 0.8( )p   =
(2)
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