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Segmentation

Segmentation

Define the accurate boundaries of all objects in an image



Segmentation: Datasets

Pascal Visual Object Classes Microsoft COCO
20 Classes 80 Classes
~ 5.000 images ~ 300.000 images



Semantic Segmentation

Label every pixel!

Don’t differentiate -
instances (cows) /U

airplane
Classic computer
vision problem

grass

building =~ grass tree cow sheep sky airplane | water face car
classes

bicycle = flower. sign bird book chair. road cat dog body boat

Slide Credit: CS231n


http://cs231n.github.io/

Instance Segmentation

Detect instances,
give category, label
pixels

“SimUItaneOUS - — ] P . . '- :  — . person person
detection and = i e ==
segmentation” (SDS)

horse

Slide Credit: CS231n


http://cs231n.github.io/

Semantic Segmentation

Extract Run through Classify
patch a CNN center pixel
E —> COW

Repeat for
every pixel

grass

Slide Credit: CS231n


http://cs231n.github.io/

Semantic Segmentation

Run “fully convolutional” network
to get all pixels at once

Smaller output

> CNN due to pooling

Slide Credit: CS231n


http://cs231n.github.io/

Semantic Segmentation

forward /inference

backward/learning
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Learnable upsampling!

Long et al. Fully Convolutional Networks for Semantic Segmentation. CVPR 2015

Slide Credit: CS231n


http://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
http://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 1 pad 1

Input: 4 x 4 Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 1 pad 1

>

Dot product
between filter
and input

Input: 4 x 4 Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 1 pad 1

>

Dot product
between filter
and input

Input: 4 x 4 Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 2 pad 1

Input: 4 x 4 Output: 2 x 2

Slide Credit: CS231n


http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 2 pad 1

>

Dot product
between filter
and input

Input: 4 x 4 Output: 2 x 2

Slide Credit: CS231n


http://cs231n.github.io/

Convolutional Layer

Typical 3 x 3 convolution, stride 2 pad 1

>

Dot product
between filter
and input

Input: 4 x 4 Output: 2 x 2

Slide Credit: CS231n


http://cs231n.github.io/

Deconvolutional Layer

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Deconvolutional Layer

3 x 3 “deconvolution”, stride 2 pad 1

Input gives
weight for
filter values

Input: 2 x 2 Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Deconvolutional Layer

3 x 3 “deconvolution”, stride 2 pad 1

Input: 2 x 2

Sum where
output overlaps

Same as backward pass for
X normal convolution!
.
Input gives
weight for
filter
Output: 4 x 4

Slide Credit: CS231n


http://cs231n.github.io/

Deconvolutional Layer

"It is more proper to say “convolutional transpose operation”
rather than “deconvolutional” operation. Hence, we will be using
the term “convolutional transpose” from now.

Im et al. Generating images with recurrent adversarial networks. arXiv 2016

A series of four fractionally-strided convolutions (in some recent papers, these are wrongly called
deconvolutions)
Radford et al. Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks. ICLR 2016

“Deconvolution” is a bad name, already defined as “inverse of convolution”

Better names:

convolution transpose,

backward strided convolution,

1/2 strided convolution, upconvolution Slide Credit: CS231n


http://cs231n.github.io/
http://arxiv.org/abs/1602.05110
http://arxiv.org/abs/1511.06434

Skip Connections

32x upsampled
image convl pooll conv2  pool2 conv3d pool3 conv4d pool4 convo pool5  conv6-7 prediction (FCN-32s)

16x upsampled

pooljxyﬂfi prediction (FCN-16s)
FCN-32s FCN-16s FCN-8s Ground truth |
“skip n
connections”
8x upsampled
‘ 4x conv? prediction (FCN-8s)
) . 2x poold [ | ]
pool3 L]

Skip connections = Better results

Slide Credit: CS231n

Long et al. Fully Convolutional Networks for Semantic Segmentation. CVPR 2015



http://cs231n.github.io/
http://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf

Semantic Segmentation

224x224 224324
Ugxi12  convolution network
56x 56
. 14x14
Tx7
1x1
e /=
Max
o, p%:éling pooling 2 Unpooling
ax HOOHAQ . . . or-esesiaiemsi Geemnocesnis Unpooling
g pﬂnhng__' Samanac ey Unpooling
pooling _,..-==" e -
e ~LInpooling
13 . ”
Normal VGG Upside down” VGG

Noh et al. Learning Deconvolution Network for Semantic Segmentation. ICCV 2015

Slide Credit: CS231n


http://cs231n.github.io/
http://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Noh_Learning_Deconvolution_Network_ICCV_2015_paper.pdf

Instance Segmentation

Detect instances,
give category, label
pixels

“SimUItaneOUS - — ] P . . '- :  — . person person
detection and = i e ==
segmentation” (SDS)

horse

Slide Credit: CS231n


http://cs231n.github.io/

Similar to R-CNN, but with segments

Instance Segmentation

Proposal External Feature Region Region
Generation ~ S€9ment  Eyiraction Classification Refinement
proposals

Mask out background
with mean image

Hariharan et al. Simultaneous Detection and Segmentation. ECCV 2014 Slide Credit: CS231n



http://cs231n.github.io/
http://link.springer.com/chapter/10.1007/978-3-319-10584-0_20

Instance Segmentation

Region Region
Classification Refinement HHI
N . Y Y Y
Person? — ' conv conv conv
+1.8 v v ]
upsample upsample upsample
s
sigmoid
]
classifier
interpolation

Hariharan et al. Hypercolumns for Object Seagmentation and Fine-grained Localization. CVPR 2015 Slide Credit: CS231n


http://cs231n.github.io/
http://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Hariharan_Hypercolumns_for_Object_2015_CVPR_paper.pdf

Instance Segmentation

Similar to
Faster R-CNN

Won COCO 2015
challenge
(with ResNet)

Region proposal network (RPN)

box instances (Rols)

7

conv feature map

Rol warping,
pooling

Reshape boxes to Learn entire model
fixed size, end-to-end!

figure / ground

logistic regression

mask instances

Mask out background,
predict object class

categorized instances

for each Rol

masking

for each Rol

Dai et al. Instance-aware Semantic Segmentation via Multi-task Network Cascades. arXiv 2015

Slide Credit: CS231n


http://cs231n.github.io/
http://arxiv.org/abs/1512.04412

Instance Segmentation

Predictions Ground truth

Dai et al. Instance-aware Semantic Segmentation via Multi-task Network Cascades. arXiv 2015 Slide Credit; CS231n


http://cs231n.github.io/
http://arxiv.org/abs/1512.04412

Resources

e (CS231n Lecture @ Stanford [slides][videQ]
e Code for Semantic Segmentation
o FCN (Caffe)
e Code for Instance Segmentation
o SDS (Caffe)
o SDS using Hypercolumns & sharing conv computations (Caffe)
o Instance-aware Semantic Segmentation via Multi-task Network Cascades (Caffe)



https://docs.google.com/presentation/d/1eaMBijKHf4tJxJAGVo1wN2bxIeKg2ku-h_Y6y7j-Fbs/edit?usp=sharing
https://youtu.be/UFnO-ADC-k0
https://github.com/shelhamer/fcn.berkeleyvision.org
https://github.com/shelhamer/fcn.berkeleyvision.org
https://github.com/bharath272/sds_eccv2014
https://github.com/bharath272/sds_eccv2014
https://github.com/bharath272/sds
https://github.com/bharath272/sds
https://github.com/daijifeng001/mnc
https://github.com/daijifeng001/mnc

