This Week’s Topics

7. The Convolution Operation

8. A Unifying View

Template matching
Image smoothing

Image interpolation

Image differentiation

Image Laplacian

<> Derivatives via WLS fitting

< Template matching

< Convolution w/ continuous
smoothing function

<> Convolution w/ derivative
of a smoothing function

<> Difference of two Gaussian-
smoothed versions of an image



Review

Sliding Window
Image Filtering

* Find gradients
 Edge detection
 Smoothing

e Convolution

Template Matching

* (Root) Sum/Mean Squared distance — next week
* Cross Correlation

* Normalized Cross Correlation — next week



Topic 7:

The Convolution Operation



You will see a lot of formulas in today’s lecture.

Don’t panic because either you have seen them before or you
will see them again and again later on...

This lecture is purely connecting different concepts together.
Understand before memorizing them!



Filtering: signal smooth example

“signal”, “image”

“filter”, “mask”,
“kernel”, “template”, g
“impulse response
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Image Smoothing Using Averaging Masks

Original Image




Image Smoothing Using Averaging Masks

Result of filtering with 3x3 Mask

Averaging mask a.k.a. mean filter, box filter
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Image Smoothing Using Averaging Masks

Result of filtering with 5x5 Mask
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Image Smoothing Using Averaging Masks

Result of filtering with 15x15 Mask

15x15 array of
elements equal
to 1/225



Averaging Mask vs. Gaussian Mask

box filter gaussian

Slide by Robert Collins



Cross-Correlation vs. Convolution (discrete)

Cross-correlation (sliding inner-
product)
Vr, C:
CC(I,T,r,c)
w w
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a=—w b=—-w

rc 0,0

Image Template

Xe+ X0+,

Lots of useful

Convolution properties.
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Convolution in imaging

Motion blur
* Blur kernel shape = path of motion

Out of focus blur

* Blur kernel is different for objects at different distance
Aperture shape

Solar eclipse 2017 by Yani

Convolution result of
the eclipse (signal)

and

holes formed by leaves
(kernel)




Cross Correlation Template Matching
Using Sliding Window Algorithm

)

Matrix Multiplication

)

The convolution Operation



Template Matching (1D)

“Sliding window" algorithm for template
matching with template T

» Define a “pixel window” centered
at pixel (w,r)

« Compute cross-correlation of T with
patch centered at (w,r)

» “Slide” window one pixel over, so
that it is centered at pixel (w+1,r)

* Repeat 1-4 until window reaches
right image border
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Image Cross Correlation <& Matrix Multiplication
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1: *@\mp\w\& (Zw—k\ p\'xe,\$>

" Vo 1~ B
[T Tom = Tom Tw ] R
C"OSS—comeo:k‘\ov\ OL+ ;
\ W
P X.d To |
I\
AR} - ;
.- : =+ |
[T-w T-w—n --~T°---—l-w © O ] I‘M < \\ | l’k !U
: % \ V\Vn’*'l A
H
IZN o W —Piie,\
wt)
...o A o QQ,)]’- p.‘l‘
T, hine
LIM"IJ I ‘°‘°?o&o~: ° (/OIZ;-H
~n o) >




Image Cross Correlation < Matrix Multiplication

1: row r of 4l mage (M pixels s)
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The Toeplitz Matrix of a Template

1: row r of 4he mage
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The Toeplitz Matrix of a Template

I1: row r of dhe rmage
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The Toeplitz Matrix of a Template

1: row r of 4he mage
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Cross-Correlation Expressed as a Sum
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Cross-Correlation Expressed as a Sum

Image X , Permadie
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The Convolution Operation
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The Convolution Operation

- The Convaludton operahion 15
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The Convolution Operation
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Cross-Correlation vs. Convolution (discrete)

Vr, C:
CC(I,T,r,c)
w w
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Which one is convolution?

1[2[3] [ofo]o 3[1]2
60100»645
7/8[9| [ofo]o 9| 7]s
olofo] [1]2]3 2[3]1
1006456»5
olojo| [7]8]o9 8|97

| use * for convolution and * for CC, and people might use other symbols
(e.g. ®, ®) for these operations. Always define the symbols when using
them.



Topic 8:

A Unifying View:

1. Template matching
2. Image smoothing
3. Image interpolation

4. Image differentiation

5. Image Laplacian

N
N
N

N

Derivatives via WLS fitting
Template matching

Convolution w/ continuous
smoothing function

Convolution w/ derivative
of a smoothing function

Difference of two Gaussian-
smoothed versions of an image



Topic 8:

A Unifying View:

1. Template matching < Derivatives via WLS fitting



Review: WLS Estimation of I(x)
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WLS Estimation & Cross Correlation
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WLS Estimation & Cross Correlation

weight fumekion Patelh (2w+d pixes)
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WLS Estimation & Cross Correlation
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WLS Estimation & Cross Correlation

Goal: Estimate derm %&CCD
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Topic 8:
A Unifying View:

2. Image smoothing < Template matching



Gaussians in 1D and 2D

1D Gaussian

2D Gaussian
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Gaussian Smoothing < Cross-Correlation
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Example: Applying Gaussian Smoothing

No smoothing | =2 c=4



Topic 8:

A Unifying View:

3. Image interpolation <> Convolution w/ continuous
smoothing function



Image Interpolation: Definition
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Image Interpolation: Applications

Some  appl cations:
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Image Interpolation: Applications

Some  appl cations:
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Interpolation: General Expression
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Example #1: Interpolation Using Gaussian Kernel
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Example #2: Interpolation Using Linear Kernel
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Topic 8:

A Unifying View:

4. Image differentiation < Convolution w/ derivative
of a smoothing function



Step #1: Interpolate Using Gaussian Kernel
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Step #2: Differentiate the Interpolated Image
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Image Differentiation & Convolution w/ Gaussian Derivative
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian
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Topic 8:

A Unifying View:

5. Image Laplacian <> Difference of two Gaussian-
smoothed versions of an image



What does smoothing take away?




What Does Smoothing Take Away?




The Difference-Of-Gaussians (DOG) Filter
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Equivalence of DOG and 2" Derivative Filter
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Equivalence of DOG and 2" Derivative Filter
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The Difference-Of-Gaussians (DOG) Filter
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