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Overview of today’s lecture
• Types of image transformations.
• Point image processing.
• Linear shift-invariant systems.
• Convolution.
• Linear image filters

What is an image?•



What is an image?



What is an image?



What is an image?

A (color) imageis a 3D tensorof numbers.



Image as a Function

f(x,y) is the image intensity at the spatial coordinates (or position) (x, y)



A color image
red green blue

colorized for visualization

actual intensity values per channel

color image patch
How many bits arethe intensity values?

Each channelis a 2D array ofnumbers.



Types of image transformations



What types of image transformations can we do?

changes pixel values changes pixel locations

Filtering Warping



What types of image transformations can we do?

changes range of image function changes domain of image function

Filtering Warping



What types of image filtering can we do?
Point Operation

Neighborhood Operation

point processing

“filtering”



Point processing



Pixel (Point) Processing
Transformation 𝑇 of intensity 𝑓 at each pixel to intensity 𝑔:

𝑔 𝑥,𝑦 =  𝑇(𝑓(𝑥,𝑦))



Examples of point processing
original

lower contrast

darken

invert raise contrast

lighten

𝒇 ...

......

...

...

How would you implementthese transformations?
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Examples of point processing
original

lower contrast

darken

invert raise contrast

lighten

𝒇 𝒇 − 𝟏𝟐𝟖

𝒇
𝟐

𝟐𝟓𝟓 − 𝒇 𝒇    𝟐

𝒇 + 𝟏𝟐𝟖

x

How would you implementthese transformations?



Linear shift-invariant systems



Linear shift-invariant system (LSIS)

Study of Linear Shift Invariant Systems (LSIS) leads to useful image processingalgorithms.



LSIS : Linearity



LSIS: Shift Invariance



Ideal Lens is an LSIS
Defocused Image (g) : Processed version ofFocused Image (f)
• Linearity: Brightness variation• Shift invariance: Scene movement

Why This Matters
Any system that is both Linear and Shift Invariant can be represented as a convolution withsome kernel!



Convolution



Convolution
The convolution of two functions f(x) and h(x) is:



Convolution
The convolution of two functions f(x) and h(x) is:

Step 1: we take h(𝜏) and flip it about the vertical axis to get h(− 𝜏)



Convolution
The convolution of two functions f(x) and h(x) is:

Step 2: we shift h(− 𝜏) by x to get h(x − 𝜏), which is then overlaid on f(𝜏)



Convolution
The convolution of two functions f(x) and h(x) is:

Step 3: we take the product f(𝜏)h(x − 𝜏), and integrate it from -infinity to infinity



Convolution
Step 4:We then vary the shift from minus infinity to plus infinity by sliding the function h(-𝜏)
over f(𝜏) from left to right.

LSIS implies Convolution and Convolution implies LSIS



Convolution: Example



Convolution: Example



Convolution: Online Demo

https://phiresky.github.io/convolution-demo/

https://phiresky.github.io/convolution-demo/


Convolution is LSIS



Convolution is LSIS



Can we find h?



Unit Impulse Function



Impulse Response



Properties of Convolution



2D Convolution



Linear shift-invariant image filtering



Convolution with Discrete Images



Border Problem



Linear shift-invariant image filtering

• Replace each pixel by a linear combination of its neighbors (and possibly itself).
• The combination is determined by the filter’s kernel.
• The same kernel is shifted to all pixel locations so that all pixels use the same linearcombination of their neighbors.



Example: the box filter
• also known as the 2D rect (not rekt) filter
• also known as the square mean filter

1 1 1
1 1 1
1 1 1

• replaces pixel with local average
• has smoothing (blurring) effect

kernel 𝒉 𝒊,𝒋 =  𝟏
𝟗



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

1 1 1
1 1 1
1 1 1

kernel

image output

Let’s run the box filter

note that we assume thatthe kernel coordinatesare centered

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

shift-invariant:as the pixelshifts, so doesthe kernel
𝒉 𝒊,𝒋 =  𝟏

𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40 60 60 60 40 20
01 1 1

1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40 60 60 60 40 20
0 301 1 1

1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40 60 60 60 40 20
0 30 50 80 80 90 60 30
0 30 50 80 80 90 60 30
0 20 30 50 50 60 40 20
0 10 20 30 30 30 20 10
10 10 10 10 0 0 0 0
10

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40 60 60 60 40 20
0 30 50 80 80 90 60 30
0 30 50 80 80 90 60 30
0 20 30 50 50 60 40 20
0 10 20 30 30 30 20 10
10 10 10 10 0 0 0 0
10 10 10 10 0 0 0 0

1 1 1
1 1 1
1 1 1

image output

Let’s run the box filter
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 90 0 90 90 90 0 0
0 0 0 90 90 90 90 90 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 90 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

0 10 20 30 30 30 20 10
0 20 40 60 60 60 40 20
0 30 50 80 80 90 60 30
0 30 50 80 80 90 60 30
0 20 30 50 50 60 40 20
0 10 20 30 30 30 20 10
10 10 10 10 0 0 0 0
10 10 10 10 0 0 0 0

1 1 1
1 1 1
1 1 1

image output

… and the result is
kernel

𝒉 𝒊,𝒋 =  𝟏
𝟗

𝒇 𝒊,𝒋 𝒈 𝒊,𝒋



Example: the box filter



Example: the impulse filter



Example: the impulse filter



Example: the impulse filter



Example: Image shift



Smoothing With the Gaussian Filter



Smoothing With the Gaussian Filter



Smoothing With the Gaussian Filter



Gaussian Smoothing is Separable



Gaussian Smoothing is Separable



Other filters

?
input filter output

0 0 0
0 2 0
0 0 0

1 1 1
1 1 1
1 1 1

- 𝟏
𝟗



Sharpening filter

?
input filter output

0 0 0
0 2 0
0 0 0

1 1 1
1 1 1
1 1 1

-

• do nothing for flat areas (no change where intensity is constant)• stress intensity peaks (enhance edges and sharp transitions)
sharpening

𝟏
𝟗



Sharpening examples



Sharpening examples



Sharpening examples


