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Reminder:  Scribing Signup and Project Teams



An image is a matrix of pixels



An image is a matrix of pixels

Is every matrix an image?

(This is an open-ended question in HW1)



Point Processing vs Image Filtering





Python Implementation of Pointwise Operations

https://colab.research.google.com/drive/1Fk-

L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing 

https://colab.research.google.com/drive/1Fk-L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing
https://colab.research.google.com/drive/1Fk-L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing
https://colab.research.google.com/drive/1Fk-L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing
https://colab.research.google.com/drive/1Fk-L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing
https://colab.research.google.com/drive/1Fk-L2PadlRusOkXcovqouZxI-lhHA6kJ?usp=sharing


An image is a matrix of pixels



Subsampling:  How would you achieve this?





Point Processing vs Image Filtering



Example of Filtering:  “Average Filter”
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Equivalent:  Pointwise Multiplication (and sum) with 3x3 matrix of all ones
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Generalized Averaging
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original



box filter

original



box filter

smoothing by averaging
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Convolution

(Correlation with a 
flipped kernel)



Convolution for 2D discrete signals

Definition of filtering as convolution:

filtered image input imagefilter

notice the flip



Convolution for 2D discrete signals

Definition of filtering as convolution:

filtered image input imagefilter

If the filter                 is non-zero only within                               , then 

notice the flip

The kernel we saw earlier is the 3x3 matrix representation of                .  



Convolution vs correlation

Definition of discrete 2D convolution: notice the flip

Definition of discrete 2D correlation: notice the lack of a flip

• Most of the time won’t matter, because our kernels will be symmetric.
• Will be important when we discuss frequency-domain filtering



111

111

111

Slide credit: David Lowe (UBC)

],[g 

Example: box filter aka averaging filter
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What does it do?

• Replaces each pixel with 

an average of its 

neighborhood

• Achieve smoothing effect 

(remove sharp features)
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Box Filter



Smoothing with box filter



Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Sharpening filter

- Accentuates differences with local 

average

Source: D. Lowe



Sharpening

Source: D. Lowe



The Gaussian filter

• named (like many other things) after Carl Friedrich Gauss

1 2 1

2 4 2
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1
16

3x3 Gaussian kernel

• weight falls off with distance from center pixel

• theoretically infinite, in practice truncated to some 

maximum distance  (in this case, 3x3)



• Weight contributions of neighboring pixels by nearness
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5 x 5,  = 1

Slide credit: Christopher Rasmussen 

Important filter: Gaussian



If you have a CS PhD from US/UK/EU, there’s a 

very high change that Gauss is your ancestor

Unrelated:



Gaussian filtering example



Slide from Antonio Torralba



Smoothing with   Gaussian vs  Box   filter



7x7 Gaussian

7x7 box

original

Which blur do you like better?

Smoothing with   Gaussian vs  Box   filter



Edge Detection in Images
Edges are useful image features





What are Image Edges?

• Sudden changes in image intensity

• Most shape information is in edges

• Shape contains a lot of semantic information 

(cats vs humans vs chairs vs apples)

• Edges are more compact than pixels

(number of bits …)



What are Image Edges?

Edges = locations of rapid change in signal (image) intensity



Gradients!

• To locate rapid changes, compute gradients (first derivative)



Gradients in Practice: Finite Difference





Edge Detection using Finite Difference
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Repeat with a different filter
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EDGE DETECTION FILTER !!!



We can do edge detection via convolution

For example, with this filter:

There are other variants too …

-101

-101

-101



Edge Detection via Convolution

Sobel Filter



Edge Detection via Convolution

Sobel Filter

horizontal Sobel filter

vertical Sobel filter

original



Many Types of Edge Filters





Gaussian Filter Revisited (Smoothing / Blurring)



Sharpening Filter



Sharpening Filter



Thresholding

Question:

Does thresholding 

make storage efficient?  

By how much (in this 

example)?
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