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Single-stage detectors
SSD
YOLO
RetinaNet
Anchor-free

FSAF
FCOS

Two-stage detectors
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Faster RCNN
FPN



Single-Shot Detector (SSD)
Liu, Wei, et al. "Ssd: Single shot multibox detector." European conference on 
computer vision. Springer, Cham, 2016.



Problem Definition



Detection = Identification + Localization

Objective : Identify and localize objects in an image

Identify: Soda can
Also known as class id

Localize: 𝑥𝑚𝑖𝑛, 𝑦𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥, 𝑦𝑚𝑎𝑥

Also known as bounding box

Coordinate system
Origin at upper-left corner



Detection

Can detect multiple objects at 
the same time



Detection

Objects not trained on will be 
ignored

Example: Detector of Soda 
ignores all other objects



Detection

Can be trained to detect 
multiple objects

Even at varying conditions
Illumination

Distortion

Orientation



Single-Shot Detection – Key Idea

Divide an image into regions
A region is called an anchor box

For each region, determine its class (background or object)

For each region, determine the offset of the bounding box
Instead of bounding box coordinates (high variance), the offsets with respect to 
anchor box is estimated (low variance)

Predict offsets only if the region is classified as non-background



Proposals (Predictions)



What is the size of anchor box?

If the entire image is used:
Offsets: 𝑥𝑚𝑖𝑛, 𝑦𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 − 𝑤, 𝑦𝑚𝑎𝑥 −ℎ

offset

offset

Assume 640 x 480 RGB Image



Anchor : 2 x 1 

Offset: 𝑥𝑚𝑖𝑛, 𝑦𝑚𝑖𝑛  and 𝑥𝑚𝑎𝑥 − Τ𝑤
2 , 𝑦𝑚𝑎𝑥 − ℎ  

This is smaller

Anchor box size: Τ𝑤
2 , ℎ



Anchor : 3 x 2 

Offsets: 𝑥𝑚𝑖𝑛 − Τ𝑤
3 , 𝑦𝑚𝑖𝑛  and 𝑥𝑚𝑎𝑥 − Τ2𝑤

3 , 𝑦𝑚𝑎𝑥 − Τℎ
2

This is the smallest so far

Anchor box size: Τ𝑤
3 , Τℎ

2  



Available anchor box sizes: Total 1608

2 × 1 grid of anchor boxes each with dimensions Τ𝑤
2 , ℎ . 

3 × 2 grid of anchor boxes each with dimensions Τ𝑤
3 , Τℎ

2  

5 × 4 grid of anchor boxes each with dimensions Τ𝑤
5 , Τℎ

4

10 × 8 grid of anchor boxes each with dimensions Τ𝑤
10 , Τℎ

8

20 × 15 grid of anchor boxes each with dimensions Τ𝑤
20 , Τℎ

15

40 × 30 grid of anchor boxes each with dimensions Τ𝑤
40 , Τℎ

30

In summary: 𝑠 =
1
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In SSD, s is not used. Instead, linearly spaced scales from 0.2, 0.9  is 
used 



40 × 30 grid

With 40 × 30 grid, the anchor box covers a 
640

40
×

480

30
 or 16 × 16 pts 

patch
Also known as the receptive field

640

320

401 unit

16 pix

… 
Convolution and pooling
(4x)
Backbone or base network
VGG, ResNet, ResNext

20



Aspect Ratio

Bounding box approximation can be better approximated if we allow 
different aspect ratios other than 1.0

Aspect Ratio: 𝑎 = 1, 2, 3,
1

2
,

1

3

This results to anchor box dimensions: 

𝑤𝑖 , ℎ𝑖 = 𝑤𝑠𝑥𝑗 𝑎𝑖 , ℎ𝑠𝑦𝑗
1

𝑎𝑖
. 

𝑠𝑥𝑗 ,  𝑠𝑦𝑗  is the 𝑗 − 𝑡ℎ scaling factor 

New total number of anchor boxes: 1608 ×  5 = 8,040 



Further recommendations

SSD recommends an additional anchor box with dimensions ሺ

ሻ

𝑤5,

 ℎ5 = 𝑤 𝑠𝑗𝑠𝑗+1,  ℎ 𝑠𝑗𝑠𝑗+1  for aspect ratio of 1.

New total: 9,648 



Predictions

We need Ground Truth Labels and Predictions



Ground Truths



Ground Truth

Given for each object:
1 for class id

4 bounding box coordinates

Goal:
Assign each anchor box ground truth 
labels:

Class id (0 if background)

4 offsets wrt to bounding box 
coordinates 

No need to assign offsets if class id is 0



Ground Truth

For each labelled object, assign its class id and bounding box offsets to 
one of over thousands of anchor boxes.

The rest of anchor boxes will be assigned class id of 0 (background). No 
need to assign bounding box offsets for background.  



Ground truth based on IoU

Intersection over Union (IoU)

IoU is also known as Jaccard index 

𝐼𝑜𝑈 =
𝐴∩𝐵

𝐴∪𝐵
 



Which anchor box?

For each bounding box, search for the anchor box with the maximum 
IoU.  

𝐴𝑗ሺ𝑔𝑡ሻ = max
𝑗

𝐼𝑜𝑈 𝐵𝑖 , 𝐴𝑗

Make this anchor box, the ground truth anchor box, 𝐴𝑗ሺ𝑔𝑡ሻ, with
Class id equal to bounding box class id

Offsets measured wrt to bounding box coordinates 

This anchor box is called positive anchor box

Therefore, for 𝑁 objects, there are 𝑁 ground truth or positive anchor 
boxes



What about the rest of anchor boxes?

Second chance – the rest of the anchor boxes are given 2nd chance

If an anchor box, 𝐴𝑖  has IoU > threshold with ground truth bounding 
box, 𝐵𝑗, it is also chosen as positive anchor box with ground truth 
labels (class id and offsets) from 𝐵𝑗

In other words, 1 ground truth bounding box can be assigned to multiple 
anchor boxes

Everything else is considered negative anchor box
Class id is 0

Offsets is (0,0) (0,0) – no need to assign



The Task of Detection is to Predict Class and 
Offsets
𝑦𝑐𝑙𝑠 or the category or class in the form of a one-hot vector

𝑦𝑜𝑓𝑓 = 𝑥𝑜𝑓𝑓𝑚𝑖𝑛, 𝑦𝑜𝑓𝑓𝑚𝑖𝑛 , 𝑥𝑜𝑓𝑓𝑚𝑎𝑥 , 𝑦𝑜𝑓𝑓𝑚𝑎𝑥  or the offsets in the 

form of pixel coordinates relative to  𝑦𝑎𝑛𝑐ℎ𝑜𝑟 =
𝑥𝑎𝑚𝑖𝑛, 𝑦𝑎𝑚𝑖𝑛 , 𝑥𝑎𝑚𝑎𝑥, 𝑦𝑎𝑚𝑎𝑥 . 

For computational convenience, the offsets are better expressed in the form 
𝑦𝑝𝑟𝑒𝑑 = 𝑦𝑜𝑓𝑓 = 𝑥𝑜𝑓𝑓𝑚𝑖𝑛, 𝑥𝑜𝑓𝑓𝑚𝑎𝑥 , 𝑦𝑜𝑓𝑓𝑚𝑖𝑛, 𝑦𝑜𝑓𝑓𝑚𝑎𝑥 .



Ground Truth Labels (Supervised)

𝑦𝑙𝑎𝑏𝑒𝑙  or class label of each object to detect

𝑦𝑔𝑡 = 𝑥𝑔𝑡𝑚𝑖𝑛, 𝑥𝑔𝑡𝑚𝑎𝑥, 𝑦𝑔𝑡𝑚𝑖𝑛, 𝑦𝑔𝑡𝑚𝑎𝑥 = ሺ
ሻ

𝑥𝑏𝑚𝑖𝑛 − 𝑥𝑎𝑚𝑖𝑛, 𝑥𝑏𝑚𝑎𝑥 −
𝑥𝑎𝑚𝑎𝑥, 𝑦𝑏𝑚𝑖𝑛 − 𝑦𝑎𝑚𝑖𝑛, 𝑦𝑏𝑚𝑎𝑥 − 𝑦𝑎𝑚𝑎𝑥   or the ground truth offset of 
the object  bounding box  𝑦𝑏𝑜𝑥 =

𝑥𝑏𝑚𝑖𝑛 , 𝑦𝑏𝑚𝑖𝑛 , 𝑥𝑏𝑚𝑎𝑥 , 𝑦𝑏𝑚𝑎𝑥  relative to  𝑦𝑎𝑛𝑐ℎ𝑜𝑟 =
𝑥𝑎𝑚𝑖𝑛, 𝑦𝑎𝑚𝑖𝑛 , 𝑥𝑎𝑚𝑎𝑥, 𝑦𝑎𝑚𝑎𝑥 . 



Model Training (Loss Functions)



Loss Functions

ℒ𝑐𝑙𝑠 - Categorical cross-entropy loss for 𝑦𝑐𝑙𝑠 

ℒ𝑜𝑓𝑓  - L1 or L2 for 𝑦𝑜𝑓𝑓. 
Note that only positive anchor boxes contribute to 𝓛𝒐𝒇𝒇.

Total Loss Function: 

ℒ =
1

𝑁
ℒ𝑐𝑙𝑠 + 𝛼 𝑢 ≥ 1 ℒ𝑜𝑓𝑓

Where 𝑁 is the number of matched default boxes. In other words, get the mean 
value.
𝑢 ≥ 1  Iverson bracket means only positive anchors contribute

Recommended: 𝛼 = 1



Normalized ground truth offsets 
(parameterization)

𝑦𝑏𝑜𝑥 = 𝑥𝑏𝑚𝑖𝑛 , 𝑦𝑏𝑚𝑖𝑛 , 𝑥𝑏𝑚𝑎𝑥 , 𝑦𝑏𝑚𝑎𝑥 → 𝑐𝑏𝑥 , 𝑐𝑏𝑦 , 𝑤𝑏 , ℎ𝑏

𝑦𝑎𝑛𝑐ℎ𝑜𝑟 = 𝑥𝑎𝑚𝑖𝑛, 𝑦𝑎𝑚𝑖𝑛 , 𝑥𝑎𝑚𝑎𝑥, 𝑦𝑎𝑚𝑎𝑥 → 𝑐𝑎𝑥 , 𝑐𝑎𝑦 , 𝑤𝑎 , ℎ𝑎

where: 

𝑐𝑏𝑥 , 𝑐𝑏𝑦 = 𝑥𝑚𝑖𝑛 +
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

2
, 𝑦𝑚𝑖𝑛 +

𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛

2
𝑤𝑏 , ℎ𝑏 = 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛

𝑦𝑔𝑡 =
𝑐𝑏𝑥 − 𝑐𝑎𝑥

𝑤𝑎
,
𝑐𝑏𝑦 − 𝑐𝑎𝑦

ℎ𝑎
, log

𝑤𝑏

𝑤𝑎
, log

ℎ𝑏

ℎ𝑎



Normalized ground truth offsets using 
standard deviation

𝑦𝑔𝑡 =

𝑐𝑏𝑥 − 𝑐𝑎𝑥
𝑤𝑎

𝜎𝑥
,

𝑐𝑏𝑦 − 𝑐𝑎𝑦

ℎ𝑎

𝜎𝑦
,
log

𝑤𝑏
𝑤𝑎

𝜎𝑤
,
log

ℎ𝑏
ℎ𝑎

𝜎ℎ

The recommended values are: 𝜎𝑥 = 𝜎𝑦 = 0.1 and 𝜎𝑤 = 𝜎ℎ = 0.2.

- About 10% of 𝑤𝑎 or ℎ𝑎 



Smooth L1 compared to L1 yields better 
results

ℒ𝑜𝑓𝑓 = 𝐿1𝑠𝑚𝑜𝑜𝑡ℎ 𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑔𝑡 = 𝐿1𝑠𝑚𝑜𝑜𝑡ℎ 𝑢 = ൞

𝜎𝑢 2

2
𝑖𝑓 𝑢 <

1

𝜎2

𝑢 −
1

2𝜎2 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 



SSD Model Architecture



Keras

https://github.com/PacktPublishing/Advanced-Deep-Learning-with-Keras/tree/master/chapter11-detection

https://github.com/PacktPublishing/Advanced-Deep-Learning-with-Keras/tree/master/chapter11-detection


Example Dataset and Labelling using VIA

1k train images

50 test images

Annotated using VIA
VGG Image Annotator 
http://www.robots.ox.ac.uk
/~vgg/software/via/ 

http://www.robots.ox.ac.uk/~vgg/software/via/
http://www.robots.ox.ac.uk/~vgg/software/via/


Non-Maximum Suppression (NMS) and Soft 
NMS
During prediction, multiple anchor boxes might generate predictions 
for the same object 



NMS

The network predicted two 

overlapping bounding boxes for the 

Soda can object. Only one valid 

bounding box is chosen and that is 

the one with the higher score of 

0.99.



Soft NMS

Soft NMS proposes that instead of 

outright removal from the list, the 

score of the overlapping bounding 

box is decreased at a negative 

exponential rate in proportion to the 

square of its IoU with the object of 

biggest confidence.



NMS and Soft-NMS 
remove redundant 
predictions based on 
confidence and IoU

Algorithm 11.12.1 NMS and Soft NMS

1. Require: Bounding box predictions: ℬ = 𝑏1, 𝑏2, … , 𝑏𝑛 . 

2. Require: Bounding box class confidence or scores: 𝒫 = 𝑝1, 𝑝2, … , 𝑝𝑛 . 

3. Require: NMS minimum IoU threshold: 𝑁𝑡. 

4. 𝒟 ← ; 𝒮 ←

5. while ℬ ≠ 𝑒𝑚𝑝𝑡𝑦 do

6.    𝑚 ← 𝑎𝑟𝑔𝑚𝑎𝑥 𝒫

7.    ℳ ← 𝑏𝑚; 𝒩 ← 𝑝𝑚 ,

8.    𝒟 ← 𝒟⋃ℳ; ℬ ← ℬ − ℳ; 𝒮 ← 𝒮⋃𝒩; 𝒫 ← 𝒫 − 𝒩;

9.    for steps 𝑏𝑖  𝑖𝑛 ℬ do

10.         if 𝑠𝑜𝑓𝑡_𝑁𝑀𝑆 = 𝑇𝑟𝑢𝑒 then

11.             𝑝𝑖 = 𝑝𝑖𝑒−
𝐼𝑜𝑈 ℳ,𝑏𝑖

2

𝜎  

12.         elif 𝐼𝑜𝑈 ℳ, 𝑏𝑖 ≥ 𝑁𝑡  then

13.             ℬ = ℬ − 𝑏𝑖  ; 𝒫 = 𝒫 − 𝑝𝑖

14.         end

15.    end

16. end

17. return 𝒟, 𝒮 



Simple Evaluation Metric

Mean IOU:

𝑚𝐼𝑜𝑈 =
1

𝑛𝑏𝑜𝑥
෍

𝑖∈ 1,2,..𝑛𝑏𝑜𝑥

max
𝑗∈ 1,2,..𝑛𝑝𝑟𝑒𝑑

𝐼𝑜𝑈 𝑏𝑖 , 𝑑𝑗



Simple Evaluation Metric

Precision (Bad guys out):

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑡𝑝

𝑡𝑝 + 𝑓𝑝
=

𝑇𝑟𝑢𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
=

𝑡𝑝

𝑡𝑜𝑡𝑎𝑙_𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

Recall (Good guys in):

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑝

𝑡𝑝 + 𝑓𝑛
=

𝑇𝑟𝑢𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒_𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

=
𝑡𝑝

𝑡𝑟𝑢𝑒_𝑡𝑜𝑡𝑎𝑙_𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒



Sample Results

Unnormalized Offsets 
Unnormalized Offsets 

with Smooth L1



Sample Results

Normalized Offsets 
Normalized Offsets 

with Smooth L1



Sample Evaluation

Un-
normalize
d offsets

Un-
normalized 
offsets, 
smooth L1

Normalized 
offsets

Normalized 
offsets, 
smooth L1

Normalized 
offsets, 
smooth L1, 
focal loss

mIoU 0.64 0.61 0.53 0.50 0.51

Average 
precision

0.87 0.86 0.90 0.85 0.85

Average 
recall

0.87 0.85 0.87 0.83 0.83



Performance

VOC2007: 68.0 mAP, SSD 300 (300 x 300 input)

VOC2007: 71.6 mAP, SSD 512 (512 x 512 input)

Pascal VOC 2007:
The data has been split into 50% for training/validation and 50% for testing. The 
distributions of images and objects by class are approximately equal across the 
training/validation and test sets. In total there are 9,963 images, containing 
24,640 annotated objects.



Average Precision (AP)

AP is the average precision over recall values from 0 to 1 linearly spaced by 
11

𝐴𝑃 =
1

11
෍

𝑟𝜖 0,0.1,…,1.0

𝑃𝑟

𝑃𝑟  is the precision at a given recall 𝑟

Positive prediction if 𝐼𝑜𝑈 ≥ 0.5 (VOC2007)

mean Average Precision or mAP score is calculated by taking the mean AP 
over all classes and/or over all IoU thresholds

For PASCAL VOC2007 Challenge, there is only one threshold = 0.5 and there are 20 
classes
For the COCO 2017 challenge, the mAP was averaged over all 80 object categories and 
all 10 IoU thresholds.





Sample Outputs 
(SSD512 on 
COCO2015)



Fast R-CNN
Girshick, Ross. "Fast r-cnn." Proceedings of the IEEE international conference on 
computer vision. 2015.



RCNN is slow

1st stage: Classifier with SVM.
Classifier is not parallel! 
Process object proposal one at a time.

2nd stage: Bounding box regressor
(not shown)
Region proposals – from 
classical selective search algorithm



Fast Region-based Convolutional Network 
method (Fast R-CNN)
• Classic object detector

• Pre-computed region proposals or Region of Interests (ROIs)

• Faster than classic R-CNN
• R-CNN uses SVM for classification

• Slow at 47s/image

• Slow training due to SVM

• Intermediate results are written on a disk



Fast R-CNN
Contributions:

• Higher detection 
quality (mAP) than R-
CNN

• Training is single-
stage, using a multi-
task loss

• Training can update 
all network layers

• No disk storage is 
required for feature 
caching



Fast R-CNN Pooling Layer
Input: ℎ, 𝑤  ROI  

Target: 𝐻, 𝑊  Feature Map  

Example: 7,7  Feature Map
ROI

ℎ

𝑤

𝑟, 𝑐



Fast R-CNN Pooling Layer
Input: ℎ, 𝑤  ROI  

Target: 𝐻, 𝑊  
Feature Map  

Example: 7,7
Feature Map

ROI

ℎ

𝑤

𝑟, 𝑐

ROI is divided into 
𝑤

𝑊
,

ℎ

𝐻
 regions

Shared
Backbone

(VGG)

Maxpool
(Pooling
Layer)

Note: ROI is ROI projection map (feature map)



Fast R-CNN Outputs per ROI

Target: 𝐻, 𝑊  
Feature Map  

Example: 7,7
Feature Map

Flatten-
MLP

ROI 
feature vector MLP Softmax K+1 one-hot vector

MLP1
Linear 1st 4-dim offsets

Linear Kth 4-dim offsetsMLPk

𝑡1 = 𝑡𝑥
1, 𝑡𝑦

1, 𝑡𝑤
1 , 𝑡ℎ

1

log-space predictions
Zero mean, unit variance

𝑡𝑘 = 𝑡𝑥
𝑘, 𝑡𝑦

𝑘, 𝑡𝑤
𝑘 , 𝑡ℎ

𝑘



Fast R-CNN Other Network Details

• Backbone or base network – VGG 16 pre-trained on ImageNet 1000-
category classifier

• Last MaxPool of VGG is replaced by ROI Pooling Layer

• Classifier layer is replaced by a sibling network
• K + 1 –dim  Object classifier

• K 4-dim Offsets predictors



Training

• Input: Image

• Output ground truth data: 
• Region of Interest (ROI)

• Object class

• Bounding box coordinates



Loss Functions, Ground Truth, Augmentation, 
ROI
• See SSD Loss Function

• Total Loss Function: ℒ = ℒ𝑐𝑙𝑠 + 𝛼 𝑢 ≥ 1 ℒ𝑜𝑓𝑓

• ℒ𝑐𝑙𝑠 = − log 𝑝𝑢, is the log loss for the true class

• 𝑢 ≥ 1  Iverson bracket means only positive anchors contribute

• Ground truth: 
• 𝐼𝑜𝑈 ≥ 0.5 of ROI with ground truth 𝑢 ≥ 1

• 0.1 ≤ 𝐼𝑜𝑈 < 0.5 are labelled 𝑢 = 0

• Augmentation: Image flipping

• ROI: 2000 generated by Selective Search algorithm



Selective Search

• Use for generating ROIs

• Based on hierarchical grouping of 
similar regions based on color, 
texture, size and shape
• Hand-crafted feature extractions

• Over-segment an image:
• Each segmented object is an ROI
• Merge similar neighboring regions 

to form another ROI
• Also known as merging of 

superpixels

https://www.koen.me/research/selectivesearch/

https://www.koen.me/research/selectivesearch/


Training details

• Backbone is VGG pretrained on ImageNet

• Shortest side of image is 600

• End to end training



Performance

• VOC2007: 66.9 mAP

• VOC2010: 66.1 mAP

• VOC2012: 65.7 mAP



Faster R-CNN
Ren, Shaoqing, et al. "Faster r-cnn: Towards real-time object detection with region 
proposal networks." Advances in neural information processing systems. 2015.



Faster R-CNN

• ROIs generation in Fast R-CNN is the slowest part of object detection 
pipeline 
• Selective Search is 2sec per image on CPU

• Actual object detection is only 0.2sec

• Introduces Region Proposal Network (RPN) to replace ROIs
• Faster R-CNN = RPN + Fast R-CNN



Faster R-CNN

1) Train RPN. 
Freeze. Goto 2.

2) Train Fast R-CNN. 
Goto 1.



Region Proposal Network (RPN)

• Input: Image

• Outputs: Rectangular object proposals

• Method
• Slide a network over the last feature map

• The network takes 𝑛 × 𝑛 input window (e.g. 𝑛 = 3)

• The network output is a 256-dim or 512-dim code

• The code is input to object classifier and bounding box coordinates regression 
layer
• 2-dim Classifier : object or no object

• 4-dim Box coordinates (proposed region coordinates if object)



RPN

• The maximum number of proposals per window location is 𝑘
• Output: 2𝑘 classifier (object or no object)

• Output: 4𝑘 box coordinates

• Each proposal is parameterized with reference to a box called Anchor 
centered at the window location. 

• 3 scales and 3 aspect ratios generate 𝑘 = 9 anchors

• Therefore, for a 𝑊 × 𝐻 feature map, there are 𝑊𝐻𝑘 anchors
• Typically 𝑊 × 𝐻 ≈ 2400 



RPN



Multi-Scale ROI using Pyramid of Anchors

RPN generates an anchor box as reference at multiple scales and aspect ratios



Anchor Box Ground Truth Label

• Anchor with the highest 𝐼𝑜𝑈 for a given ground truth bounding box is 
tagged as positive anchor box

• Anchor with 𝐼𝑜𝑈 > 0.7 with any ground truth bounding box is tagged 
as positive anchor box

• A ground truth bounding box may assign positive labels to multiple 
anchor boxes

• Anchor with 𝐼𝑜𝑈 < 0.3 for all ground truth boxes is tagged as 
negative anchor box

• Anchors that are neither positive nor negative do not contribute to 
the training objective



Loss Function

• See SSD Loss Function

• Total Loss Function: ℒ =
1

𝑁𝑐𝑙𝑠
ℒ𝑐𝑙𝑠 +

1

𝑁𝑟𝑒𝑔
𝜆 𝑢 ≥ 1 ℒ𝑜𝑓𝑓

• 𝑢 ≥ 1  Iverson bracket means only positive anchors contribute

• ℒ𝑐𝑙𝑠 is log loss over 2 classes (object, not object)
• 𝑁𝑐𝑙𝑠 is the mini-batch size (~256)

• 𝑁𝑟𝑒𝑔 is the number of anchor locations (~2,400)

• 𝜆 is weighting factor (set to 10 to equalize contributions of ℒ𝑐𝑙𝑠 and ℒ𝑜𝑓𝑓)

• ℒ𝑜𝑓𝑓 = 𝑠𝑚𝑜𝑜𝑡ℎ_𝐿1 𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑔𝑡  is smooth L1 loss with coordinates 
parameterized (same as SSD)

𝑦𝑔𝑡 =
𝑐𝑏𝑥 − 𝑐𝑎𝑥

𝑤𝑎
,
𝑐𝑏𝑦 − 𝑐𝑎𝑦

ℎ𝑎
, log

𝑤𝑏

𝑤𝑎
, log

ℎ𝑏

ℎ𝑎



RPN Training

• Not all anchors are used since there is positive-negative anchor boxes 
imbalance

• 256 anchors are sampled with about 1:1 positive:negative anchors 
ratio

• Backbone: Pre-trained on ImageNet VGG 16



RPN + Fast R-CNN Training

• Alternating training is used
• Train RPN to generate region proposals
• Train Fast R-CNN on these region proposals

• 4-step alternating training
• Step 1: Train RPN alone end-to-end
• Step 2: Train a separate network for Fast R-CNN but with regions coming from 

RPN in Step 1
• Step 3: Train RPN again but first copying the weights for the shared 

convolutional layer. The shared weights are frozen. Train only layers unique to 
RPN.

•  Step 4: With trained RPN generating proposals, train Fast R-CNN again. The 
shared weights are frozen. Train only layers unique to Fast R-CNN.



4-step Training

Base

Shared

RPN

ROIs

Base

Shared

RPN

ROIs

Base

Shared

Fast R-
CNN

Detection

Base

Shared

ROIs

RPN

Base

Shared

ROIs

RPN
Fast R-
CNN

Detection

Step 1 Step 2 Step 3 Step 4

Input Input Input Input



Other training details

• 3 Scales: 1282, 2562, 5122

• 3 Aspect Ratios: 1:1, 1:2, 2:1 

• Shortest side of image is 600

• Total stride of backbone network is 16

• Cross-boundary anchors are ignored (anchors exceeding image 
boundaries). Net anchors is about 6,000.



Performance

• VOC2007: 69.9 mAP

• VOC2012: 67.0 mAP



Sample Outputs (VOC2007)



FPN
Lin, Tsung-Yi, et al. "Feature pyramid networks for object detection." Proceedings of 
the IEEE conference on computer vision and pattern recognition. 2017.



Feature Pyramid Network (PFN)

• Fast/Faster R-CNN achieves multi-scale by using different anchor sizes 
and aspect ratios

• Fast/Faster R-CNN is using only one feature scale due to memory 
limits
• Not taking advantage of different feature scales to learn object features that 

come in different sizes

• SSD and YOLO take advantage of the feature pyramids but features 
are considered independent from one another

• FPN addresses the issue by downsampling, upsampling and merging 
feature maps of different sizes
• FPN is simple, scale invariant and has low computational overhead



Different 
Approaches to 
Feature Pyramids

Idea of PFN is to combine semantically 
strong low-resolution features with 
semantically weak high-resolution 
features

eg SSD

eg R-CNN

FPN



Top-down Feature Pyramids

PFN

SharpMask



Bottom-up Pathway

C1

C2

C3

C4

C5
B

o
tt

o
m

-u
p

 P
at

h
w

ay

R
es

N
et

Input Image



Bottom-up and Top-down Pathways
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1x1 conv

1x1 conv
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x2 upsampling
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+

+

predict

predict

predict
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Top-downBottom-up

depth is 256 for all features



Lateral Connection



PFN for RPN in Faster R-CNN
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P5

1x1 conv

1x1 conv

1x1 conv

x2 upsampling

x2 upsampling

x2 upsampling

+

+

+

predict

predict

predict

predict

Top-downBottom-up

depth is 256 for all features

C6
P6

predict
x2 upsampling

1x1 conv

5122 anchor

2562 anchor

1282 anchor

642 anchor

322 anchor

RPN Fast R-CNN

Aspect ratios: [1, ½, 2]

Total anchors for pyramid: 15

Positive anchors if IoU>0.7, negative anchors if IoU<0.3



PFN for ROI in Fast R-CNN

C1
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predict

predict
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depth is 256 for all features

C6
P6

predict
x2 upsampling

1x1 conv

K=6 ROI

K=5 ROI

k=4 ROI

K=3 ROI

k=2 ROI

ROI Proposals
Fast R-CNN

Where 𝑘 = 𝑘0 + log
𝑤ℎ

224

w is width of ROI, h is height of ROI. Using the formula 
for k, we determine which level of pyramid an ROI will 
be assigned to. 𝑘0 = 4



Performance

• Coco test-dev : 36.2 AP (Faster R-CNN)



Improvement over Baseline Network



RetinaNet
Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE 
international conference on computer vision. 2017.



Focal Loss and RetinaNet

• In single-stage detectors (SSD, YOLO), there is big class imbalance 
between background-foreground anchor boxes

• In two-stage detectors (RCNN, Fast RCNN, Faster RCNN), there is no 
imbalance due to ROIs that filter out most background regions 

• Easy negatives (ie background) should have less contribution to the 
total loss
• New loss function: Focal Loss

• Create a new single-stage network based on PFN using Focal Loss
• Result: Fast and high-performing SSD called RetinaNet  



Approaches on Class Imbalance

• ROI/RPN in RCNN
• Hard negative mining

• Sampling heuristics (Selective Search, EdgeBoxes)

• Keep a constant background:foreground ratio (eg 1:3)



Problems with SSD

• A large number of anchor boxes : 10k to 100k depending on input 
resolution and number of levels in the feature pyramid

• Applying sampling heuristics is inefficient

• Category loss function, ℒ𝑐𝑙𝑠, is dominated by background or negative 
anchor boxes drowning foreground or positive anchor boxes

 



Focal Loss

• Introduce a weighting factor on the loss

• Down weight easy anchor boxes (eg background)

• Focus on hard examples (eg foreground)

• Typical class imbalance is 1:1000



Focal Loss

• Binary Cross-entropy loss (assume bg & fg are equally likely):

𝐶𝐸 𝑝, 𝑦 = ቊ
− log 𝑝 𝑦 = 1 𝑜𝑟 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑

− log 1 − 𝑝 𝑦 = −1 𝑜𝑟 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

Where 𝑝 ∈ 0, 1  is the model probability estimate when 𝑦 = 1 .

𝑝𝑡 = ቊ
𝑝 𝑦 = 1 𝑜𝑟 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑

1 − 𝑝 𝑦 = −1 𝑜𝑟 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

𝐶𝐸 𝑝, 𝑦 = 𝐶𝐸 𝑝𝑡 = − log 𝑝𝑡



Focal Loss

• For 𝑝𝑡 ≫ 0.5, CE contribution 
is not negligible. When 
summed up for a given large 
number of easy samples, it 
overwhelms the sparse loss 
from hard samples (ie object 
instances)



Balanced Loss Function

𝐶𝐸 𝑝𝑡 = −𝛼𝑡 log 𝑝𝑡

Where 𝛼𝑡 = ቊ
1 𝑦 = 1 𝑜𝑟 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑

1 − 𝛼 𝑦 = −1 𝑜𝑟 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

Where 𝛼 ∈ 0, 1  is inversely proportional to frequency of a sample. 
Value is small for background (more frequent) and large for foreground 
(less frequent)  



Focal Loss

• Balanced loss function can not 
differentiate easy from hard 
samples

𝐶𝐸 𝑝𝑡 = − 1 − 𝑝𝑡
𝛾 log 𝑝𝑡

Where 1 − 𝑝𝑡
𝛾 is a modulating 

factor and 𝛾 ≥ 0. Empirically, 𝛾 = 2 
works best. 𝐶𝐸 is equal to the 
normal cross-entropy loss when 
𝛾 = 0. 
• Balanced focal loss function:

𝐶𝐸 𝑝𝑡 = −𝛼𝑡 1 − 𝑝𝑡
𝛾 log 𝑝𝑡

𝛼=0.25 works best for 𝛾 = 2



RetinaNet
Pyramids are from 𝑃3 to 𝑃7. Only 𝑃3 
to 𝑃5 are shown. K classes, A anchor boxes



RetinaNet

• Last layer set to: 

• Bias: − log
1−𝜋

𝜋
, where 𝜋 = 0.01 to give foreground objects small positive 

probabilities and prevent unstable training

• All other biases are set to: 0.0

• All weights: Gaussian with σ = 0.01 



Performance

• Coco test-dev : 39.1 AP at 5fps



RetinaNet 
Performance



FSAF
Zhu, Chenchen, Yihui He, and Marios Savvides. "Feature Selective Anchor-Free 
Module for Single-Shot Object Detection." Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition. 2019.



Feature Selective Anchor-Free Module

• Anchor-based detections have 
2 limitations:
• Heuristic-guided feature 

selection
• Overlap-based (IoU) anchor 

sampling

• The selected feature level may 
not be optimal to train the 
object instance

• Why not learn the feature level 
assignment as well?

40x40 and 50x50 car share the same feature level, may not 
be optimal



FSAF

An instance is not assigned to an anchor box. Instead, the feature selection module selects the best feature level for a 
given instance. Note: In the feature pyramid, only 3 (𝑃3 to 𝑃5 ) of the 5 feature levels (𝑃3 to 𝑃7 ) are shown.



RetinaNet + FSAF
Predicts the probability in each spatial 
location for K objects

Predicts box offsets in each spatial 
location

Only 3 out of 5 levels are shown for clarity



FSAF Modules

W

H

Class Predictions

K (eg 80 + 1 in COCO)

W

H

Offset Predictions

4



Ground Truths

• Class: 𝑘

• Bounding box: 𝑏 = 𝑥, 𝑦, 𝑤, ℎ  where 𝑥, 𝑦  is the center and 𝑤, ℎ  is the width 
and height

• Given pyramid level 𝑃𝑙, the projection of 𝑏 to 𝑙 is  𝑏𝑝
𝑙 = 𝑥𝑝

𝑙 , 𝑦𝑝
𝑙 , 𝑤𝑝

𝑙 , ℎ𝑝
𝑙   where 

𝑏𝑝
𝑙 =

𝑏

2𝑙

• Introduce effective box: 𝑏𝑒
𝑙 = 𝑥𝑒

𝑙 , 𝑦𝑒
𝑙 , 𝑤𝑒

𝑙 , ℎ𝑒
𝑙 = 𝑥𝑝

𝑙 , 𝑦𝑝
𝑙 , 𝜖𝑒𝑤𝑝

𝑙 , 𝜖𝑒ℎ𝑝
𝑙 which is a box 

proportional to 𝑏𝑝
𝑙  by 𝜖𝑒  with typical value of 0.2 

• When two 𝑏𝑒
𝑙  overlap, the smaller one is considered

• Introduce ignoring box: 𝑏𝑖
𝑙 = 𝑥𝑖

𝑙 , 𝑦𝑖
𝑙 , 𝑤𝑖

𝑙 , ℎ𝑖
𝑙 = 𝑥𝑝

𝑙 , 𝑦𝑝
𝑙 , 𝜖𝑖𝑤𝑝

𝑙 , 𝜖𝑖ℎ𝑝
𝑙  which is a box 

proportional to 𝑏𝑝
𝑙  by 𝜖𝑖  with typical value of 0.5

• If this exists, there is also corresponding 𝑏𝑖
𝑙−1 and 𝑏𝑖

𝑙+1 for the 𝑙 − 1 and 𝑙 + 1 layers 
respectively (we ignore those objects as well)



Class Ground (GT) Truth

• The output has K maps

• A ground truth instance (eg 
“car”) affects the k-th feature 
map (eg feature corresponding to 
car)

• GT is on non-ignoring/effective 
regions (White)

• Focal loss is applied
• Normalized by the number of 

pixels on non-ignoring regions

White: effective region
Gray: (Ignoring minus effective) region
Black: Not included in loss computation



Offset Ground (GT) Truth

• GT is 4 offset maps

• GT on the non-ignoring/effective 
regions (White)

• For each 𝑖, 𝑗  in GT, the projected 
box 𝑏𝑝

𝑙  is represented as 4-dim:

• 𝐝𝑖,𝑗
𝑙 = d𝑡𝑖,𝑗

𝑙 , d𝑙𝑖,𝑗

𝑙 , d𝑏𝑖,𝑗

𝑙 , d𝑟𝑖,𝑗

𝑙  where 
d𝑡𝑖,𝑗

𝑙 , d𝑙𝑖,𝑗

𝑙 , d𝑏𝑖,𝑗

𝑙 , d𝑟𝑖,𝑗

𝑙  are the distances 
from top, left, bottom and right 
boundaries of 𝑏𝑝

𝑙  relative to 𝑖, 𝑗  

• GT: 
𝐝𝑖,𝑗

𝑙

𝑆
, where 𝑆 = 4.0

• IoU loss is applied

White: effective region
Gray: (Ignoring – effective) region
Black: Not included in loss computation

𝑖, 𝑗
𝑑𝑏

𝑑𝑙

𝑑𝑡
𝑑𝑟



IoU Loss
Yu, Jiahui, et al. "Unitbox: An advanced object detection 
network." Proceedings of the 24th ACM international conference on 
Multimedia. ACM, 2016.



Offset Prediction

• For 𝑖, 𝑗 , prediction is: 𝒐𝑖,𝑗
𝑙 = 𝑜𝑡𝑖,𝑗

𝑙 , 𝑜𝑙𝑖,𝑗

𝑙 , 𝑜𝑏𝑖,𝑗

𝑙 , 𝑜𝑟𝑖,𝑗
𝑙  

• Actual predicted box (upper left corner, lower right corner):

 ෡𝒅𝑝
𝑙 = 𝑖 − 𝑆𝑜𝑡𝑖,𝑗

𝑙 , 𝑗 − 𝑆𝑜𝑙𝑖,𝑗

𝑙 , 𝑖 + 𝑆𝑜𝑏𝑖,𝑗

𝑙 , 𝑗 + 𝑆𝑜𝑟𝑖,𝑗
𝑙 2𝑙

Where 2𝑙  is the scaling factor of the pyramid level.

• The score and class are dictated by the K-dim vector prediction at 
𝑖, 𝑗



Feature Selection

To find the optimal feature level, FSAF module
selects the best 𝑃𝑙 based on the smallest loss on the instance 
content, instead of the size of instance box as in anchor-based 
methods.
Only the feature with lowest loss is selected for training

Similar to heuristic selector of PFN 𝑘 = 𝑘0 + log
𝑤ℎ

224
 (Slide 74)



Loss Functions

• Given an instance 𝐼 and pyramid level 𝑃𝑙

• Classification Focal Loss: 𝐿𝐹𝐿
𝐼 𝑙 =

1

𝑁 𝑏𝑒
𝑙 σ

𝑖,𝑗∈𝑏𝑒
𝑙 𝐹𝐿 𝑙, 𝑖, 𝑗

• Regression IoU Loss: 𝐿𝐼𝑜𝑈
𝐼 𝑙 =

1

𝑁 𝑏𝑒
𝑙 σ

𝑖,𝑗∈𝑏𝑒
𝑙 𝐼𝑜𝑈 𝑙, 𝑖, 𝑗

• Where 𝑁 𝑏𝑒
𝑙  is the number of pixels in effective region 𝑏𝑒

𝑙

• For all levels, the best feature for instance 𝐼 is therefore:

𝑙∗ = 𝑎𝑟𝑔 min
𝑙

𝐿𝐹𝐿
𝐼 𝑙 + 𝐿𝐼𝑜𝑈

𝐼 𝑙



Joint Inference and Training

• RetinaNet + FSAF
• Inference: 

• For FSAF, decode only top 1k scoring locations with 𝑡ℎ𝑟𝑒𝑠ℎ = 0.05 on each level.
• Outputs of FSAF are merged with outputs of RetinaNet
• Both outputs are filtered by NMS with 𝑡ℎ𝑟𝑒𝑠ℎ = 0.5 

• Initialization: Same as RetinaNet except non-classification layer bias is set 
to 0.1, Backbone pre-trained on ImageNet1k

• Loss Function: RetinaNet Loss + 𝜆FSAF Loss
• RetinaNet Loss: 𝐿𝑎𝑏

• FSAF Loss: 𝐿𝑐𝑙𝑠
𝑎𝑓

+ 𝐿𝑟𝑒𝑔
𝑎𝑓

• 𝜆=0.5

• Augmentation: Flipping



Performance

• Coco test-dev : 42.8 AP (ResNet 101), 44.6 AP (ResNeXt-64x4d-101-
FPN)





Example Results



FCOS
FCOS: Fully Convolutional One-Stage Object Detection;

Tian Zhi, Chunhua Shen, Hao Chen, and Tong He;

In: Proc. Int. Conf. Computer Vision (ICCV), 2019.

arXiv preprint arXiv:1904.01355 



FCOS

• Anchor-based detectors’ performance is dependent on 
hyperparameters (# of anchor boxes, aspect ratios, sizes)

• Anchor-based detectors could not handle small objects or objects 
with large shape variations

• To achieve high recall rate, anchor-based detectors densely pack 
anchor boxes on the image (~180k for PFN) causing more 
background:foreground class imbalance

• Anchor-based detectors involve complex IoU computations

• FCOS: no anchor boxes, regress 4D vector offset to bounding box, 
similar idea to FCN in segmentation



FCOS

• FCOS does not use anchor 
boxes but directly 
regresses the bounding box 
offsets



FCOS

• Let 𝐹𝑖 ∈ ℝ𝐻×𝑊×𝐶  be feature map at layer 𝑖

• 𝑠 is the stride

• Ground truth bounding boxes 𝐵𝑖  where 𝐵𝑖 =

𝑥0
ሺ𝑖ሻ

, 𝑦0
ሺ𝑖ሻ

, 𝑥1
ሺ𝑖ሻ

, 𝑦1
ሺ𝑖ሻ

, 𝑐
ሺ𝑖ሻ

∈ ℝ4 × 1, 2, … , 𝐶

• 𝑥0
ሺ𝑖ሻ

, 𝑦0
ሺ𝑖ሻ

 - top left corner

• 𝑥1
ሺ𝑖ሻ

, 𝑦1
ሺ𝑖ሻ

 - bottom right corner

• 𝑐
ሺ𝑖ሻ

 is the class and 𝐶 is the number of classes (𝐶 = 80 for MS-COCO)



Receptive Field

• Each point 𝑥, 𝑦  in the feature 
map can be mapped back on the 
input image at location 
𝑥′, 𝑦′ =

𝑠

2
+ 𝑥𝑠,

𝑠

2
+ 𝑦𝑠  

near the center of the receptive 
field

• There can be many points 
backprojecting to the same 
object instance
• Improves performance compared 

to IoU-based positive anchors

𝑥, 𝑦  is point in feature map

Receptive field 
of the pt in 
feature map

Center at 𝑥′, 𝑦′

Input image

Feature 
map



Ground Truth

• Each point 𝑥, 𝑦  in the feature map is considered positive sample if 
when back projected it falls inside the bounding box and is labelled 
with class 𝑐∗ or the class of the bounding box
• In addition, a 4D vector 𝒕∗ = 𝑙∗, 𝑡∗, 𝑟∗, 𝑏∗  bounding box regression target is 

assigned corresponding to the offset of 𝑥′, 𝑦′  relative to the left, top, right, 
and bottom sides of the bounding box

• Else, 𝑥, 𝑦  is considered negative sample with label 𝑐∗ = 0 
(background)

• If 𝑥′, 𝑦′  falls into multiple bounding boxes, it is considered an 
ambiguous sample 
• The smallest bounding box will be considered the ground truth



Ground Truth

• FCOS target:

• 𝑙∗ = 𝑥′ − 𝑥0
ሺ𝑖ሻ

• 𝑡∗ = 𝑦′ − 𝑦0
ሺ𝑖ሻ

• 𝑟∗ = 𝑥1
ሺ𝑖ሻ

− 𝑥′

• 𝑏∗ = 𝑦1
ሺ𝑖ሻ

− 𝑦′
𝑥′, 𝑦′

𝑥0
ሺ𝑖ሻ

, 𝑦0
ሺ𝑖ሻ

𝑥1
ሺ𝑖ሻ

, 𝑦1
ሺ𝑖ሻ

𝑙∗

𝑡∗

𝑟∗

𝑏∗



FCOS Network
Outputs:
Classifier: 80D 𝒑; C+1-dim softmax or C sigmoids
Bounding box: 4D bounding box coordinates 𝒕 = 𝑙, 𝑡, 𝑟, 𝑏
Bounding box outputs are terminated by exp() to map outputs to 
positive real numbers



Loss Functions

𝐿 𝒑𝑥,𝑦 , 𝒕𝑥,𝑦

=
1

𝑁𝑝𝑜𝑠
෍

𝑥,𝑦

𝐿𝑐𝑙𝑠 𝒑𝑥,𝑦 , 𝑐𝑥,𝑦
∗ +

𝜆

𝑁𝑝𝑜𝑠
෍

𝑥,𝑦

𝑐𝑥,𝑦
∗ ≥ 1 𝐿𝑟𝑒𝑔 𝒕𝑥,𝑦 , 𝒕𝑥,𝑦

∗

Where:

𝐿𝑐𝑙𝑠 is the Focal Loss

𝐿𝑟𝑒𝑔  is the IoU Loss

𝜆 is the weighting factor (equal to 1)

The sum is done for all points in each Feature map 𝐹𝑖



Resolving Ambiguous Samples

• Consider pyramid feature levels 𝑃3, 𝑃4, 𝑃5, 𝑃6 𝑎𝑛𝑑 𝑃7 with strides 8, 
16, 32, 64, 128

• Given 𝒕∗ = 𝑙∗, 𝑡∗, 𝑟∗, 𝑏∗  for each point in the feature map at each 
pyramid level feature map

• If a point satisfies max 𝒕∗ > 𝑚𝑖 or min 𝒕∗ < 𝑚𝑖−1, it is tagged as 

negative sample
• 𝑚2, 𝑚3, 𝑚4, 𝑚5, 𝑚6, 𝑚7 = 0, 64, 128, 256, 512, ∞



Centerness

• Many low-quality  bounding box due to predictions that are far away from the 
center

• Centerness measure is introduced:

𝑐𝑒𝑛𝑡𝑒𝑟𝑛𝑒𝑠𝑠 =
min 𝑙∗, 𝑟∗

max 𝑙∗, 𝑟∗
×

min 𝑡∗, 𝑏∗

max 𝑡∗, 𝑏∗

𝑐𝑒𝑛𝑡𝑒𝑟𝑛𝑒𝑠𝑠 ∈ 0,1

• Additional layer: sigmoid output

• Additional loss function: binary cross entropy

• Inference: The classifier probability output is multiplied by centerness to down-
weight the confidence score of low quality bounding boxes. Low-confidence 
bounding boxes will be filtered out by NMS.



Performance • Coco test-dev : 44.7 AP



FCOS Sample 
Outputs



End


	Slide 1:  Object Detection 
	Slide 2: Outline
	Slide 3: Single-Shot Detector (SSD)
	Slide 4: Problem Definition
	Slide 5: Detection = Identification + Localization
	Slide 6: Detection
	Slide 7: Detection
	Slide 8: Detection
	Slide 9: Single-Shot Detection – Key Idea
	Slide 10: Proposals (Predictions)
	Slide 11: What is the size of anchor box?
	Slide 12: Anchor : 2 x 1 
	Slide 13: Anchor : 3 x 2 
	Slide 14: Available anchor box sizes: Total 1608
	Slide 15: 40 30 grid
	Slide 16: Aspect Ratio
	Slide 17: Further recommendations
	Slide 18: Predictions
	Slide 19: Ground Truths
	Slide 20: Ground Truth
	Slide 21: Ground Truth
	Slide 22: Ground truth based on IoU
	Slide 23: Which anchor box?
	Slide 24: What about the rest of anchor boxes?
	Slide 25: The Task of Detection is to Predict Class and Offsets
	Slide 26: Ground Truth Labels (Supervised)
	Slide 27: Model Training (Loss Functions)
	Slide 28: Loss Functions
	Slide 29: Normalized ground truth offsets (parameterization)
	Slide 30: Normalized ground truth offsets using standard deviation
	Slide 31: Smooth L1 compared to L1 yields better results
	Slide 32: SSD Model Architecture
	Slide 33: Keras
	Slide 34: Example Dataset and Labelling using VIA
	Slide 35: Non-Maximum Suppression (NMS) and Soft NMS
	Slide 36: NMS
	Slide 37: Soft NMS
	Slide 38: NMS and Soft-NMS remove redundant predictions based on confidence and IoU
	Slide 39: Simple Evaluation Metric
	Slide 40: Simple Evaluation Metric
	Slide 41: Sample Results
	Slide 42: Sample Results
	Slide 43: Sample Evaluation
	Slide 44: Performance
	Slide 45: Average Precision (AP)
	Slide 46
	Slide 47: Sample Outputs (SSD512 on COCO2015)
	Slide 48: Fast R-CNN
	Slide 49: RCNN is slow
	Slide 50: Fast Region-based Convolutional Network method (Fast R-CNN)
	Slide 51: Fast R-CNN
	Slide 52: Fast R-CNN Pooling Layer
	Slide 53: Fast R-CNN Pooling Layer
	Slide 54: Fast R-CNN Outputs per ROI
	Slide 55: Fast R-CNN Other Network Details
	Slide 56: Training
	Slide 57: Loss Functions, Ground Truth, Augmentation, ROI
	Slide 58: Selective Search
	Slide 59: Training details
	Slide 60: Performance
	Slide 61: Faster R-CNN
	Slide 62: Faster R-CNN
	Slide 63: Faster R-CNN
	Slide 64: Region Proposal Network (RPN)
	Slide 65: RPN
	Slide 66: RPN
	Slide 67: Multi-Scale ROI using Pyramid of Anchors
	Slide 68: Anchor Box Ground Truth Label
	Slide 69: Loss Function
	Slide 70: RPN Training
	Slide 71: RPN + Fast R-CNN Training
	Slide 72: 4-step Training
	Slide 73: Other training details
	Slide 74: Performance
	Slide 75: Sample Outputs (VOC2007)
	Slide 76: FPN
	Slide 77: Feature Pyramid Network (PFN)
	Slide 78: Different Approaches to Feature Pyramids
	Slide 79: Top-down Feature Pyramids
	Slide 80: Bottom-up Pathway
	Slide 81: Bottom-up and Top-down Pathways
	Slide 82: Lateral Connection
	Slide 83: PFN for RPN in Faster R-CNN
	Slide 84: PFN for ROI in Fast R-CNN
	Slide 85: Performance
	Slide 86: Improvement over Baseline Network
	Slide 87: RetinaNet
	Slide 88: Focal Loss and RetinaNet
	Slide 89: Approaches on Class Imbalance
	Slide 90: Problems with SSD
	Slide 91: Focal Loss
	Slide 92: Focal Loss
	Slide 93: Focal Loss
	Slide 94: Balanced Loss Function
	Slide 95: Focal Loss
	Slide 96: RetinaNet
	Slide 97: RetinaNet
	Slide 98: Performance
	Slide 99: RetinaNet Performance
	Slide 100: FSAF
	Slide 101: Feature Selective Anchor-Free Module
	Slide 102: FSAF
	Slide 103: RetinaNet + FSAF
	Slide 104: FSAF Modules
	Slide 105: Ground Truths
	Slide 106: Class Ground (GT) Truth
	Slide 107: Offset Ground (GT) Truth
	Slide 108: IoU Loss
	Slide 109: Offset Prediction
	Slide 110: Feature Selection
	Slide 111: Loss Functions
	Slide 112: Joint Inference and Training
	Slide 113: Performance
	Slide 114
	Slide 115: Example Results
	Slide 116: FCOS
	Slide 117: FCOS
	Slide 118: FCOS
	Slide 119: FCOS
	Slide 120: Receptive Field
	Slide 121: Ground Truth
	Slide 122: Ground Truth
	Slide 123: FCOS Network
	Slide 124: Loss Functions
	Slide 125: Resolving Ambiguous Samples
	Slide 126: Centerness
	Slide 127: Performance
	Slide 128
	Slide 129: End

