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• Segmentation: Refers to the process of dividing an image into 
meaningful segments or regions

• Semantic: Each of these segments is assigned a meaning or label

Semantic Segmentation

GRASS, CAT, TREE, SKY
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The Problem

GRASS, CAT, TREE, 
SKY, ...

Paired training data: for each training image, 
each pixel is labeled with a semantic category.

At test time, classify each pixel of a new 
image.

?
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• Given below image classify into background and foreground

Idea: Single Pixel Sliding Window

Full image

?

Impossible to classify without context

Classify the Pixel

Q: how do we include context?
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Idea: Patch-wise Sliding Window

Full image

Extract
patch

Classify center pixel
with CNN

Cow

Cow

Grass
Problem: Very inefficient! Not 
reusing shared features
between overlapping patches

Farabet et al, Hierarchical Features for Scene TPAMI 2013

Pinheiro and Collobert, Convolutional Neural Networks for Scene ICML 2014
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Idea: Convolution

Full image

An intuitive idea: encode the entire image with conv net, and do semantic
segmentation on top.

Problem: classification architectures often reduce feature spatial sizes to go deeper,
but semantic segmentation requires the output size to be the same as input size.
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SemanticSegmentation Idea:Fully Convolutional

Input:

3 x H x W

Convolutions:

D x H x W

Conv Conv Conv Conv

Scores: 

Cx H x W

argmax

Prediction: 
H x W

Design a network with only convolutional layers 
without downsampling operators to make 
predictions for pixels all at once!

Problem: convolutions at 
original image resolution 
will be very expensive
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SemanticSegmentation Idea:Fully Convolutional

Design network as a bunch of convolutional layers, with 
downsampling and upsampling inside the network!

High-res:

D1x H/2 x W/2

High-res:

D1x H/2 x W/2

Med-res:

D2x H/4 x W/4

Med-res: 

D2x H/4 x W/4

Low-res:

D3x H/8 x W/8

Cx H x W

Long, Shelhamer, and Darrell, Convolutional Networks for Semantic CVPR 2015 

Noh et al, Deconvolution Network for Semantic ICCV 2015

Downsampling: 

• Pooling

• Strided convolution

Upsampling:
???
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Downsampling: Max Pooling

Input: 4 x 4

1 2 6 3

3 5 2 1

1 2 2 1

7 3 4 8

1 2 6 3

3 5 2 1

1 2 2 1

7 3 4 8

5 6

7 8

Max Pooling

Output: 2 x 2
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Upsampling: Nearest Neighbour Unpooling

1 2

3 4

Input: 2 x 2 Output: 4 x 4

1 1 2 2

1 1 2 2

3 3 4 4

3 3 4 4

Simplest approach to Upsample. Copies a pixel value (response) of input feature map
to all pixels in the corresponding sub-region of output.

Problem: Output structure becomes blocky as all pixels in each subregion
have the same value
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Upsampling: Bed-of-Nails

1 2

3 4

Input: 2 x 2 Output: 4 x 4

1 0 2 0

0 0 0 0

3 0 4 0

0 0 0 0

Puts an input feature response (element) in the top-left corner of the corresponding sub-
region of de-pooling output, and it sets all the other elements in the sub-region to zero.

Problem: Upsampled elements always have a fixed location
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Upsampling: Max Unpooling

Input: 4 x 4

1 2 6 3

3 5 2 1

1 2 2 1

7 3 4 8

1 2

3 4

Input: 2 x 2 Output: 4 x 4

0 0 2 0

0 1 0 0

0 0 0 0

3 0 0 4

Max Unpooling

Use positions from pooling layer

5 6

7 8

Max Pooling

Remember which position was max!

Rest of the
network

Output: 2 x 2

Corresponding pairs
of downsampling and 
upsampling layers
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Input: 4 x 4

Kernel: 3 x 3

Output: 4 x 4

Dot product 

between

filter and
input

Normal 3 x 3 convolution, stride 1 pad 1

Learnable Downsampling

Filter moves one pixels in the input for every one pixel in the output
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Normal 3 x 3 convolution, stride 2 pad 1

Learnable Downsampling

Input: 4 x 4

Kernel: 3 x 3

Output: 2 x 2

Dot product 

between

filter and
input

Filter moves two pixels in the input for every one pixel in the output
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3 x 3 transposed convolution, stride 2 pad 1

Learnable Upsampling: Transposed Convolution

Output: 4 x 4Input: 2 x 2

Filter moves two pixels in the output for every one pixel in the input

Kernel: 3 x 3
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Transposed Convolution: 2D Example

1 2 1

2 1 2

1 1 2

25 51

62 24

25 50 25

50 25 50

25 25 50

51 102 51

102 51 102

51 51 102

62 124 62

124 62 124

62 62 124

24 48 24

48 24 48

24 24 48

25 101 127 51

112 275 211 126

149 186 249 150

62 86 148 48

Input: 2 x 2 Kernel: 3 x 3
Padding: 0
Stride: 1

Output: 4 x 4

𝑜𝑢𝑡𝑝𝑢𝑡𝑆𝑖𝑧𝑒 = (𝑖𝑛𝑝𝑢𝑡𝑆𝑖𝑧𝑒 − 1) × 𝑆𝑡𝑟𝑖𝑑𝑒 − 2 × 𝑃𝑎𝑑𝑑𝑖𝑛𝑔+ 𝐾𝑒𝑟𝑛𝑒𝑙
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Transposed Convolution: 1D Example

𝑎’

𝑏’

𝑥′

𝑦’

𝑧’

𝑎′𝑥′

𝑎′𝑦′

𝑎′𝑧′

𝑏′𝑦′

𝑏′𝑧′

Input Filter

Output

Output contains copies of the filter weighted by the input, summing at where is overlaps in the output

+𝑏′𝑥′
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SemanticSegmentation Idea:Fully Convolutional

Design network as a bunch of convolutional layers, with 
downsampling and upsampling inside the network!

High-res:

D1x H/2 x W/2
High-res:

D1x H/2 x W/2

Med-res:

D2x H/4 x W/4

Med-res: 

D2x H/4 x W/4

Low-res:

D3x H/8 x W/8

Cx H x W

Long, Shelhamer, and Darrell, Convolutional Networks for Semantic CVPR 2015 

Noh et al, Deconvolution Network for Semantic ICCV 2015

Downsampling: 

• Pooling

• Strided convolution

Upsampling:
Unpooling or strided
transposed convolution
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U-Net

-
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Dilated (Atrous) Convolutions

Sparse feature extraction with
standard convolution on a low
resolution input feature map.

Dense feature extraction with
atrous convolution with rate
r=2, applied on a high
resolution input feature map.

Chen et al. in Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs, 2014
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Dilated (atrous) convolutions 2D

The dilation parameter is 1,
and each element produced by
this filter has reception field of
3x3.

The dilation parameter is 2,
and each element produced by
it has reception field of 7x7.

The dilation parameter is 4,
and each element produced by
it has reception field of 15x15

Thank You
BITSPilani
Pilani Campus

BITSPilani
Pilani Campus

References: Lecture Slides of Prof. Leal-Taixé and Fei-Fei Li, Ehsan Adeli

https://paperswithcode.com/paper/semantic-image-segmentation-with-deep

