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Lecture 9: 
Multiresolution Image Processing
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Image size depends on object distance, which we may not know 
ahead of time.

Motivation: The Problem of Scale



CMPEN454
Robert Collins

Example: Template Matching

Sliding windows approach.  Compare fixed size template 
across all image locations and scales.

template
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Example: Patch Matching
K. Grauman, B. Leibe

How to find corresponding patch sizes, 
independently in each image? 
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Example: LoG Blob Finding
LoG filter extrema locates “blobs” 

maxima = dark blobs on light background  
minima =  light blobs on dark background

Scale of blob (size ; radius in pixels) is determined
by the sigma (std.dev) parameter of the LoG filter.

LoG sigma = 2 LoG sigma = 10
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Example: LoG Blob Finding
How do we know what scale 
we want? Or… How to search 
efficiently across all scales?
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Main Points Today

• Image Pyramid representation
• Gaussian Pyramid

– Smoothing plus downsampling
• LoG / DoG pyramid

– Multiresolution blob findng
• Automatic scale selection

– What is the “natural scale” of an image patch?
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Image Pyramid

High res

Low
res
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Emphasis: Smaller = Lower Res 

Displaying all as same width on the slide 
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Before Downsampling

Downsampling 3 times (left)
vs. applying smoothing then

downsampling 3 times (right)
50x38

original image
400x300
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Gaussian Pyramid

• Synthesis: Smooth image with a Gaussian and 
downsample. Repeat.

• Gaussian is used because it is cascadable
(enables incremental smoothing).

• Computational cost typically dominated by 
convolution at the two lowest (highest 
resolution) levels.
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Specific Example
From Crowley et.al., “Fast Computation of Characteristic Scale 
using a Half-Octave Pyramid.” Proc International Workshop 
on Cognitive Vision (CogVis), Zurich, Switzerland, 2002.

General idea:  cascaded filtering using [1 4 6 4 1] kernel to generate 
a pyramid with two images per octave (power of 2 change in 
resolution).  When we reach a full octave, downsample the image.

blur blur x2

blur blur x2

downsample
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Effective Sigma at Each Level

Crowley etal.

downsample

downsample

downsample

downsample
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Effective Sigma at Each Level

CAN YOU
EXPLAIN HOW
THESE VALUES
ARISE?

downsample

downsample
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Working out the “Blur” Sigma at Each Level

downsample

downsample

image filter

0
s = sqrt(si + sf)si sf

NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1
NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1
NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

2
2

NRxNC

Image size s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

2
2

2

NRxNC

Image size

NRxNC
2     2

s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

2
2

2
2

NRxNC

Image size

NRxNC
2     2

s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

2
2

2
2

NRxNC

Image size

NRxNC
2     2

s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

s = sqrt(si + sf)si sf

1

1

2
2

2
2

4
4

NRxNC

Image size

NRxNC
2     2

s = sqrt(s2i + s2f)
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Working out the “Blur” Sigma at Each Level

1

downsample

downsample

image filter

0
1

si sf

1

1

2
2

2
2

4
4

4 4 4

NRxNC

Image size

NRxNC
2     2

NRxNC
4     4

s = sqrt(s2i + s2f)
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Scale Space

O.Camps, PSU

Now that we have the image represented at
all different resolutions, how do we choose
the appropriate layer / scale to work on?
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Different Scales.

How do we determine the
most appropriate scale (blob
size) at different locations in 
the image?
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Blob detection in 2D

• We define the characteristic scale at an image 
location x,y as the scale that produces highest 
peak of the normalized Laplacian response

characteristic scale

Slide credit: Lana Lazebnik

s



CMPEN454
Robert Collins

Blob detection in 2D: scale selection

• Laplacian-of-Gaussian = “blob” detector
fil

te
r 

sc
al

es

img1 img2 img3

LoG(x,y;sn)
responses

s1

s2

s3

s4
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Blob detection in 2D: scale selection
fil

te
r 

sc
al

es

img1 img2 img3

LoG(x,y;sn)
responses

s1

s2

s3

s4

How do we do this efficiently across all x,y locations
and at multiple scale levels s1 ,s2 …sn ?
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Recall: Approx LoG by DoG

M.Hebert, CMU

Laplacian of Gaussian can be approximate by a 
Difference of two Gaussians (DoG) at different scales

1D example

s1/s2 1.6  

https://dsp.stackexchange.com/questions/2529/what-is-the-relationship-between-the-sigma-in-the-laplacian-of-gaussian-and-the/2642
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LoG/DoG Pyramid

LoG can be approximated by a Difference of two 
Gaussians (DoG) at different scales.

Therefore, once we have a Gaussian Pyramid, we
can construct a companion LoG/DoG Pyramid with
little added effort (just subtraction of images)
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Gaussian / DoG Pyramid

From Crowley et.al., “Fast Computation of Characteristic Scale using a Half-Octave Pyramid.” 

Gaussian
pyramid

DoG / LoG
pyramid
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Scale Space Theory

“Laplacian of Gaussian” 
operator

Technical detail: Normalized by s2 to 
make magnitude of LoG filter response 
comparable across scales
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Local Scale Space Maxima
Lindeberg proposes that the natural scale for describing a feature
is the scale at which a normalized derivative for detecting that
feature achieves a local maximum both spatially and in scale.

Sc
al

e

Example for
blob detection

DnormL is s2 ∇2 Gs
in this example 
(i.e. s2 LoGs filter)

x (location)

Collins, “Mean-shift Blob Tracking 
through Scale Space”, CVPR 2003
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of LoG (or DoG) filtered images

Scale
(sigma)

Space

LoG at scale s1

LoG at scale s2 < s1 

LoG at scale s3 < s2 

Find pixels where Laplacian of Gaussian magnitude
exceeds that of the 26 neighbors around it in x-y-s volume 
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Automatic Scale Selection
K. Grauman, B. Leibe

How to find corresponding patch sizes, 
independently in each image? 

Intuition: Find scale that yields a local maxima
of some function f (e.g. Laplacian of Gaussian) in 
both position and scale.
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Automatic Scale Selection

• Function responses for increasing scale (scale signature) 

K. Grauman, B. Leibe
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Automatic Scale Selection
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Automatic Scale Selection

• LoG responses for increasing scale (scale signature) 
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Automatic Scale Selection

• LoG responses for increasing scale (scale signature) 
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Automatic Scale Selection

• LoG responses for increasing scale (scale signature) 

K. Grauman, B. Leibe
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In Practice

• That example assumed we already knew the 
corresponding x,y patch locations!  

• In practice, compute for a discrete set of patch 
locations centered at “interest points”
– For example, Harris corner locations
– For example, local scale space maxima locations

K. Grauman, B. Leibe


