Recurrent Instance
Segmentation

Research Café BRGF

Miriam Bellver
19th June 2018



Computer Vision Tasks

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

GRASS, CAT, CAT DOG, DOG, CAT DOG DOG CAT

u TREE, SKY U U Y
Y Y
No objects, just pixels Single Object Multiple Object

Image Credit: 08231 course



http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture11.pdf

Image Classification

mlie — container ship motor scooter leop
. mite container ship motor scooter pard
black widow lifeboat go-kart jaguar
e 1,000 object classes
tick fireboat bumper car snow leopard

starfish drilling platform golfcart Egyptian cat

(categories). , -
e Images: : T

o 1.2 M train —T " %\

o 100k test. f e ey P o

grille hroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers I currant howler monkey

Deng, J., Dong, W., Socher, R., Li, L. J., Li, K., & Fei-Fei, L. (2009, June). Imagenet: A large-scale hierarchical image database. In Computer
Vision and Pattern Recognition, 2009. CVPR 2009. IEEE Conference on (pp. 248-255). IEEE.



https://ieeexplore.ieee.org/abstract/document/5206848/

Image Classification
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Convolutional Neural Networks
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Deep Neural Networks
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Convolutional Neural Networks
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Filters at different levels of a CNN Hierarchy of patterns learned by a
CNN
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representations with convolutional deep belief network
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Image Segmentation

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation
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Typical object detection/segmentation pipelines
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Typical object detection/segmentation pipelines

Object Refinement
and
Classification




Typical object detection/segmentation pipelines

Our goal is to produce less candidates, removing any
post-processing step:




Typical object detection/segmentation pipelines

Our proposal is to output regions sequentially.




Recurrent Neural Networks
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Recurrent Semantic Instance Segmentation
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Salvador, A., Bellver, Campos. V, M., Baradad, M., Marqués, F., Torres, J., & Giro-i-Nieto, X. (2017). Recurrent Neural Networks for Semantic Instance Segmentation



Recurrent Semantic Instance Segmentation
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Recurrent Semantic Instance Segmentation
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Recurrent Semantic Instance Segmentation

Object Discovery Patterns

Salvador, A., Bellver, Campos. V, M., Baradad, M., Marqués, F., Torres, J., & Giro-i-Nieto, X. (2017). Recurrent Neural Networks for Semantic Instance Segmentation



Recurrent Semantic Instance Segmentation

Contributions

e First end-to-end recurrent model for semantic instance segmentation:
previous approaches produced class agnostic masks.

e Competitive performance against previous sequential methods on three
instance segmentation benchmarks: Pascal VOC, CVPPP and Cityscapes

e We analyze its behavior in terms of the object discovery patterns it follows.

Salvador, A., Bellver, Campos. V, M., Baradad, M., Marqués, F., Torres, J., & Giro-i-Nieto, X. (2017). Recurrent Neural Networks for Semantic Instance Segmentation



The End!

Questions?

y @miriambellver

: a Download our paper, code and pretrained models at:
PYTORCH «» imatge-upc.github.io/rsis/



