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FCN:Fully Convolutional Networks
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Figure 1. Fully convolutional networks can efhciently learn to
muke dense predichons for per-pixel tasks like semantic segmen-
tation.

Fully Convolutional Networks for Semantic Segmentation
Jonathan Long, Evan Shelhamer, Trevor Darrell, CVPR 2015
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Very Deep Convolutional Networks for Large-Scale Image Recognition
Karen Simonyan, Andrew Zisserman, arXiv:1409.1556, 2014
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Figure 2. Transforming fully connected layers into convolution
layers enables a classification net to output a heatmap. Adding
layers and a spatial loss (as in Figure 1) produces an efficient ma-
chine for end-to-end dense learning.
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FCN-32s FCN-16s FCN-8s Ground truth
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from layers with different strides improves segmentation detail. 3 IX_XJ é% é :nl: 7"’2;] K @ z %}()ﬁ[ O

The first three images show the output from our 32, 16, and 8
pixel stride nets (see Figure 3).
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Learning Deconvolution Network for Semantic Segmentation,
Hyeonwoo Noh, Seunghoon Hong, Bohyung Han, CVPR 2015



RGB Image

« TEHFZ N ABatch Normalisation

’:l

° /Xﬁé éitﬁ/

zZ~

Convolutional Encoder-Decoder

Pooling Indices

-

I conv + Batch Normalisation + RelLU
I Pooling I Upsampling Softmax

Output

Segmentation

SegNet: A Deep Convolutional Encoder-Decoder Architecture for Robust Semantic Pixel-Wise Labelling,
Vijay Badrinarayanan, Ankur Handa, Roberto Cipolla, CVPR 2015
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PSPNet:Pyramid Scene Parsing Network

0 i~

- -2
— ——

(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

Figure 3. Overview of our proposed PSPNet. Given an input image (a), we first use CNN to get the feature map of the last convolutional
layer (b), then a pyramid parsing module is applied to harvest different sub-region representations, followed by upsampling and concatena-
tion layers to form the final feature representation, which carries both local and global context information in (c). Finally, the representation
is fed into a convolution layer to get the final per-pixel prediction (d).

o NMAE & E TR R

Pyramid Scene Parsing Network,
Hengshuang Zhao, Jianping Shi, Xiaojuan Qi, Xiaogang Wang, Jiaya Jia, CVPR 2017
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(c) Pyramidal feature hierarchy (d) Feature Pyramid Network



Mask-RCNN,
Kaiming He,Georgia Gkioxari,Piotr Doll” ar,Ross Girshick,arxiv 1703.06870
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(a) Image (b) Ground Truth (c) FCN (d) PSPNet (e) ColorMap
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(a) Input Image (b) Segmentation (c) Stylization (d) &pth -of-field (e) Cartoon

» WA BRI RCRI N BIKE CE

Automatic Portrait Segmentation for Image Stylization,
Xiaoyong Shen Aaron Hertzmann Jiaya Jia Sylvain Paris Brian Price Eli Shechtman lan Sachs
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PortraitFCN+ELERISEH 5

Figure 5: Some example portrait images with different variations
in our dataset.
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Deep Automatic Potrait Matting
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Deep Automatic Potrait Matting,
Xiaoyong ShenEmail authorXin TaoHongyun GaoChao ZhoulJiaya Jia,ECCV 2016
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Figure 3. Our network consists of two stages, an encoder-decoder stage (Sec. 4.1) and a refinement stage (Sec. 4.2)

2017 fE X Ealphamatting.com Eterd, HE4Z

Deep Image Matting,
Ning Xu, Brian Price, Scott Cohen and Thomas Huang, CVPR 2017
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Figure 9. Example results from our real image dataset.
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1.Detectron IS :
https://github.com/facebookresearch/Detectron

2. PSPNetl it g
https://github.com/hszhao/PSPNet

3.Deep-image-matting i
https://github.com/Joker316701882/Deep-Image-
Matting
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