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Semantic Segmentation

Pixel level classification Problem
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Semantic Segmentation
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Semantic Segmentation
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Applications

Autonomous Driving Liver Tumor Segmentation
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Representation
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Representation

The target will be transferred to one-hot labels.
N channels will be required if we want to predict N

classes.
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Fully Convolutional Networks

“tabby cat”
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Fully Convolutional Networks
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Fully Convolutional Networks

“tabby cat”
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tabby cat heatmap

Coarse feature map
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Fully Convolutional Networks
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Fully Convolutional Networks
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Upsampling
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https://github.com/vdumoulin/conv_arithmetic/blob/master/gif/padding_strides_odd_transposed.gif

Fully Convolutional Networks

32x upsampled
image convl pooll conv2 pool2 convd  pool3 convd  poold convd  pool5 conv6-7  prediction (FCN-32s)

Upsampling first version with fix the parameters
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Fully Convolutional Networks

32x upsampled
image convl pooll conv2 pool2 convd  pool3 convd  poold convd  pool5 conv6-7  prediction (FCN-32s)

16x upsampled
prediction (FCN-16s)

2x conv7
pool4

Upsampling second version with learnable parameters
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Fully Convolutional Networks

32x upsampled

image convl pooll conv2 pool2 convd  pool3 convd  poold convd  pool5 conv6-7  prediction (FCN-32s)

8x upsampled
4x conv7 prediction (FCN-8s)
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Upsampling second version with learnable parameters
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Results

FCN-32s FCN-16s FCN-8s Ground truth
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Loss Function

- Pixel cross entropy

WxH C

Dy xlog(y,.)
1 c=1
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Loss Function

- Pixel cross entropy

spatial size the number of the classes

\
WxH C’ J—’ Prediction value

> chz*log (Yes)

/ \ > Target

index of the. index of the class
spatial location
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Loss Function

WxH C /
DY e log(y,,)

) c=1

Logits on positioni: 0.1 0.1 0.1 0.02 0.03 0.5 0.15
Targeton positon;:0 0 O O O 1 O

¢; =1 x1og(0.5)
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Loss Function

« Other loss functions:

weighted cross entropy
— Add different weights for different classes
— Widely-used in long-tail class distributions

WxH C

>0 we sk ye *log(y, ;)
1 c=1
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Loss Function

« Other loss functions:

Dice coefficient
— Focus more on small regions
— Widely-used in medical image processing
— Dice loss for the class c:

WxH /
Zi Ye,i * Ye,i Repeat for all classes
W H 2 Wx«H  / \o and average the score
Z' (yc,i) + Zz (yc,z’) J

1

1 — 2«
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Evaluation Metric

Pixel accuracy: the percent of pixels in your image that are
classified correctly

Ground truth Prediction




Evaluation Metric

loU: the area of overlap between the predicted segmentation
and the ground truth divided by the area of the union between
the predicted segmentation and the ground truth

Area of Overlap i
Area of Union .

loU =
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Evaluation Metric

mloU: the area of overlap between the predicted segmentation
and the ground truth divided by the area of the union between
the predicted segmentation and the ground truth

Assume we calculate
a two classes mloU:

(0/5+95/100)/2
=475

Input Ground truth Prediction
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General Problem

- Classification: global information
— We need to get rich context information for
semantic classes

| _ocalization: local information

— We need to predict fine-grained results for
each pixel.
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General Structure

\

Encoder

-
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Context

info

Up-sampling

Focus on solving
the classification
problem



General Structure

— —

Encoder | Decoder Fine-grained

localization

Skip connections
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Outline

Baseline
Fully convolutional network

Rich context information (Encoder)

Multi scale & Enlarge the reception field:
Deeplab, DenseNet, PSPNet

Decoder
DeconvNet, SegNet, Tusimple, DeelabV3+
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69.6

71.6
72.5

79.7

83.1
83.6

84.2
84.9

85.4
85.7

87.8

mloU on Pascal
VOC 2012

FCN_8S

Zoom Out

DeeplabV1
DeconvNet

DeeplabV2
Tusimple
large Kernel

Refine Net
Resnet38

PSPnet
deeplabV3

deeplabV3+

Segmentation
models



Rich Context Information (Encoder)

Deeplab v1-v3

Atrous Convolution
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Rich Context Information (Encoder)

Deeplab v1-v3
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Rich Context Information (Encoder)

Deeplab v2
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normal conv  atrous conv atrous conv U u h oo
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rate=1 rate=2 rate=3 Atrous Spatial Pyramid Pooling

Input Feature Map
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Rich Context Information (Encoder)

Deeplab v3
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Rich Context Information (Encoder)

PSPNet
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Rich Context Information (Encoder)

Further reading:

DenseASPP for Semantic Segmentation in Street Scenes
® Context Encoding for Semantic Segmentation
* Representative Graph Neural Network

Object-Contextual Representations for Semantic Segmentation

Not All Pixels Are Equal: Difficulty-Aware Semantic Segmentation
via Deep Layer Cascade

* Full-Resolution Residual Networks for Semantic Segmentation in
Street Scenes

8 UNIVERSITY OF
CAMBRIDGE

Q




Outline

Baseline
Fully convolutional network

Rich context information (Encoder)

Multi scale & Enlarge the reception field:
Deeplab, DenseNet, PSPNet

Decoder
DeconvNet, SegNet, Tusimple, DeelabV3+
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Decoder

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image I Conv + Batch Normalisation + RelU Segmentation
I Pooling [ Upsampling Softmax
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Decoder

al0/0]|0
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cl 000
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Max-pooling SegNet
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Decoder

SegNet
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Deeplab v3+
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Chen L C, Zhu Y, Papandreou G, et al. Encoder-decoder with atrous separable convolution for semantic image segmentation[C]//Proceedings of the European conference on
computer vision (ECCV). 2018: 801-818.



Deeplab v3+
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Deeplab v3+

e,
e

Image w/ BU w/ Decoder
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Conclusions

« Take away messages
— Dense prediction problem
— Classification: large receptive field and rich context info.
— Segmentation: localization, fine-grained boundaries
— Deeplabv3+ is a strong baseline.
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Open Questions

 Trade-off between accuracy and efficiency
« Generalization to various classes

« Unbalanced training samples

« Semi-supervised, weak-supervised learning
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