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Announcements

A Assignment 5 will be released today
i DueMar 1,11:59 PM

A Reading

I Chapter 6: Wavelet and Other Image Transforms
A Section 6.10



The importance of scale

A The features of many objects in an image are only
Important over a certain spatial extent

A The image scale of the object is critical to recognizing
the object

I However, the scale of objects in an imag
IS typically unknown
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The importance of scale

A The features of many objects in an image are only
Important over a certain spatial extent

A The image scale of the object is critical to recognizing
the object

I However, the scale of objects in an image
IS typically unknown
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The importance of scale

A The features of many objects in an image are only
Important over a certain spatial extent

A The image scale of the object is critical to recognizing
the object

I However, the scale of objects in an image
IS typically unknown

A So, how do we get the image of the object to be at (or
near) the expected image scale?

I Using multiscale image representations



Multiscale Image representations

A Image pyramids

I Gaussiampyramid (approximation pyramid)

I Laplaciampyramid (prediction residual pyramid)
A Scale space

A Waveletdecomposition
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Gaussian pyramid

EarlieSt (early 19808) Biur and | Level O (decomposition levé)
multiscale image subsample | ;”6 o
representation csheamle \)1 @ resoluton
Different levels of pyramid Blurand /| 5 /4 resolton
approximate the original subsamplef

Image at different scales g, .nq N 1/2 resolution
Width and height of next supsample

decomposition levels Level]
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leveldivided by rate S,
I Typical rate is 2

CSE 166, Winter 2023 7



Gaussian pyramid
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Gaussian pyramid implementation

A Binomial filter kernel approximates kernel of Gaussian with variance = 1
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A Filter (convolve) each level with this binomial kernel, then sample
resulting every other pixel in every other row to produce next pyramid
level

T Convolution of two Gaussians is a Gaussian

T Convolution is associative

A Convolving Gaussian with image, subsampling, then convolving with result is equivalent
to convolving two Gaussians (though with different variances), then convolving result
with image




Image pyramids
A Gaussian pyramid (approximation pyramid)

/R "
1 %1 ’&&;\Level()(apex) (decomposition level)
2 %72 ‘é_:j:;;\Level 1
/s A
\\ [ ]

/

-
L ]

/
/

7/
N/2X Nf2,/

. Level J (base) (decomposition leveD)

Downsampler
(rows and columns)

. Lev.el j ] Apprc?ximation {5 Levellj - _]
input image filter approximation

CSE 166, Winter 2023 10



Laplaciampyramid

A Full name is Laplacian of Gaussiand

I Apply Gaussian (low pass) filter, then apply Laplacian (second
derivative) filter

I Approximates second derivative
I Approximate with difference of Gaussiam3o(
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Laplacian levels are details
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Image pyramids

Approximation levels

Downsampler
(rows and columns)
Approximation | | 51 . Levelj—1
filter ? approximation
21 Upsampler
| (rows and columns)
Interpolation
filter

Prediction l

. Level j
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residual

Residual values are near zeil

Prediction residual levels
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Image pyramids

Prediction residual levels (details)
A

/”

Approximation
image

A Original image can be,
reconstructed from
smallest Gaussian
approximation and
Laplacian pyramid

Level j—1
v approximation
21 Upsampler

| (rows and columns)

Interpolation
filter

Prediction l

Level Level j
approximation- @ - prediction
image residual

Reconstructed original image
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To To

Scale space

Pyramid representation is a predecessor to scale space representation

Scale space theory is a formal theory for image structures at different
scales
I Image is represented by a omparameterfamily of Gaussian low pass filtered
images
I A Gaussian filter meets all scale space axioms

A Linearity, shift invariance, sergroup structure, norcreation of local extrema (zeto
crossings), noenhancement of local extrema, rotational symmetry, and scale invariance

Thescale parameteis the variance of the Gaussian filter
I Note: use border mirror padding on input image when applying filter
Image details significantly smaller than (two times) the standard deviation

(square root of variance) are removed from the image at that scale
parameter
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Scale space vs Gaussian pyramic

1024 x 768 1024 x 768
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Scale space vs Gaussian pyramic

1024 x 768 512 x 384

Standard deviation = 1 Decomposition level
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Scale space vs Gaussian pyramic

1024 x 768 256 x 192

Standard deviation = 2 Decomposition leve?
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Scale space vs Gaussian pyramic

1024 x 768 128 x 96

Standard deviation = 4 Decomposition leved



