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Applications

Autonomous driving

Medical treatment Human-person interaction

…



Semantic segmentation

 make dense predictions inferring labels for every pixel



Fully Convolution Network



Challenges

 Resolution

 32x down-sample for classic classification models at pool5

 Contexts

 Objects may have multiple scales and it is hard for convolution kernels to handle a 

large variation of scales



FCN

Long J, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation CVPR 2015.



SegNet

 Upsample with corresponding pooling indices

Badrinarayanan V, Kendall A, Cipolla R. SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation 

TPAMI 2017



U-Net

 Dense concatenation with encoder features

Ronneberger O, Fischer P, Brox T. U-net: Convolutional networks for biomedical image segmentation MICCAI 2015



Deeplab

L. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille. Semantic image segmentation with deep convolutional nets and 

fully connected CRFs. ICLR 2015



Deeplab

 Dilated convolution

 Remove last few pooling operation for a dense prediction.

 Introduce dilated convolution to utilize the ImageNet pre-trained model

L. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille. Semantic image segmentation with deep convolutional nets and 

fully connected CRFs. ICLR 2015



Deeplab

 LargeFOV

 Dilated convolution with large rate can capture features with a large field of view.

 Multi-scale Prediction

 Jump connection for more precise boundaries

L. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille. Semantic image segmentation with deep convolutional nets and 

fully connected CRFs. ICLR 2015



Deeplab

 Fully connected CRF

 Refine boundaries

L. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille. Semantic image segmentation with deep convolutional nets and 

fully connected CRFs. ICLR 2015



Deeplab v2

 Atrous spatial pyramid pooling(ASPP)

Chen L C, Papandreou G, Kokkinos I, et al. Deeplab: Semantic image segmentation with deep convolutional nets, atrous convolution, 

and fully connected crfs TPAMI 2018



Deeplab v3

 Deeper models

 Parallel modules

Chen L C, Papandreou G, Schroff F, et al. Rethinking atrous convolution for semantic image segmentation  arXiv 2017



Deeplab v3+

Chen, Liang-Chieh,Zhu, Yukun et al. Encoder-Decoder with Atrous Separable Convolution for Semantic Image Segmentation ECCV 

2018



DenseASPP

Maoke Yang, Kun Yu, Chi Zhang, Zhiwei Li, Kuiyuan Yang DenseASPP for Semantic Segmentation in Street Scenes CVPR 2018



DenseASPP

 Scale diversity

Maoke Yang, Kun Yu, Chi Zhang, Zhiwei Li, Kuiyuan Yang DenseASPP for Semantic Segmentation in Street Scenes CVPR 2018



PSPNet

 Pyramid pooling / deep supervision

Zhao H, Shi J, Qi X, et al. Pyramid scene parsing network CVPR 2017



RefineNet

 Fuse multiple strides

 Residual pooling

Lin G, Milan A, Shen C, et al. RefineNet: Multi-path Refinement Networks for High-Resolution Semantic Segmentation CVPR 2017



EncNet

 Channel-wise attention with dictionary

 Add another semantic-encoding loss (classification loss) to balance the 

small objects and large objects

Zhang H, Dana K, Shi J, et al. Context encoding for semantic segmentation CVPR 2018.



PSANet

 Pixel-wise attention

Zhao H, Zhang Y, Liu S, et al. PSANet: Point-wise Spatial Attention Network for Scene Parsing ECCV 2018



OCNet

 Object context pooling (self-attention)

Yuan Y, Wang J. Ocnet: Object context network for scene parsing arXiv preprint arXiv:1809.00916, 2018.



CCNet

Huang Z, Wang X, Huang L, et al. CCNet: Criss-Cross Attention for Semantic Segmentation  arXiv preprint arXiv:1811.11721, 2018.



Datasets

 Pascal VOC 2012

 20 classes

 10000+ training / 1449 validation



Datasets

 Cityscapes

 19 classes

 2975 train / 500 validation



Evaluation

 Pixel Acc

 As a pixel-wise classification problem

 mIoU

 Calculate IoU for each class among images  and average by classes



Results



Results



Instance Segmentation

 Detection and segmentation for individual object instances



challenges

 Small objects

 There are many small objects which are hard to detect and segment 

 Annotations are exchangeable

 Unlike semantic segmentation problems, annotations are hard to directly be applied 

in the network



Methods

 Proposal-based: from detection to segmentation

 Bounding boxes(proposals) from SS/RPN/Faster R-CNN

 Try to generate mask within the proposal

 Proposal-free:  learn to cluster

 pixel-level featuers / necessary information

 Clustering pixels



MNC

 Process every proposal

Dai J, He K, Sun J. Instance-aware semantic segmentation via multi-task network cascades CVPR 2016



Instance sensitive FCN

 Position sensitive maps

Dai J, He K, Li Y, et al. Instance-sensitive fully convolutional networks ECCV 2016



Instance sensitive FCN

 Pooling within fix-size window

Dai J, He K, Li Y, et al. Instance-sensitive fully convolutional networks ECCV 2016



FCIS

 Enhanced position-sensitive map

Li Y, Qi H, Dai J, et al. Fully Convolutional Instance-Aware Semantic Segmentation CVPR 2017



FCIS

Li Y, Qi H, Dai J, et al. Fully Convolutional Instance-Aware Semantic Segmentation CVPR 2017



Mask R-CNN

He K, Gkioxari G, Dollár P, et al. Mask r-cnn ICCV 2017



DetNet

 Deeper:  more stages

 Keep spacial information

Li Z, Peng C, Yu G, et al. Detnet: Design backbone for object detection ECCV 2018



PANet

 Path augmentation

 Adaptive feature pooling

 Heavier mask head

Liu S, Qi L, Qin H, et al. Path aggregation network for instance segmentation CVPR 2018



Proposal-free network

Liang X, Wei Y, Shen X, et al. Proposal-free network for instance-level object segmentation arXiv preprint arXiv:1509.02636, 2015.



InstanceCut

Kirillov A, Levinkov E, Andres B, et al. Instancecut: from edges to instances with multicut CVPR. 2017



SGN

Liu S, Jia J, Fidler S, et al. Sgn: Sequential grouping networks for instance segmentation ICCV 2017.



dataset

 Cityscapes

 9 classes with instance annotations



dataset

 COCO

 81 classes 



Evaluation

 AP50

 If IoU is larger than 0.5 with ground truth, we take them as positive

 mAP:

 Same as detection



Performance 



Graph merge

 Pixel affinity

 If a pair of pixels belongs to a same instance

 Predict by FCN

Liu Y, Yang S, Li B, et al. Affinity Derivation and Graph Merge for Instance Segmentation ECCV 2018



Network Structure



Graph merge

 Graph merge algorithm:

 Regard the whole image as a graph

 Pixels as vertexes and affinities as edges

 Find the largest edge in the graph and merge two pixels together



Implementation details

 Excluding Backgrounds (generating ‘rois’ and resize)

 Affinity Refinement based on Semantic class

 Forcing Local Merge

 Semantic Class Partition



Results



Results on Cityscapes test set


