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The structure of ambient light 



Edge like structures 

•  Proposition 1. The primary task of early vision is to deliver a 
small set of useful measurements about each observable 
location in the plenoptic function. 

•  Proposition 2. The elemental operations of early vision involve 
the measurement of local change along various directions 
within the plenoptic function. 



What are we tuned to? 

The visual system is tuned to process structures
 typically found in the world.  



The visual system seems to be tuned to a set of images: 

Demo inspired from D. Field 



What is a natural image? 



What is a natural image? 



The visual system seems to be tuned to a set of images: 

What is a natural image? 



The visual system seems to be tuned to a set of images: 

Did you saw this image? 

What is a natural image? 



6 images 

Not all these images are the result of sampling a real-world plenoptic function 
http://www.rowland.harvard.edu/images/ModPurp.jpg 

http://www.alexfito.com/ 



•  Proposition 1. The primary task of early vision is to deliver a small set of useful 
measurements about each observable location in the plenoptic function. 

•  Proposition 2. The elemental operations of early vision involve the measurement 
of local change along various directions within the plenoptic function. 

•  Goal: to transform the image into other representations (rather than pixel values) 
that makes scene information more explicit 

Cavanagh, Perception 95 



What are “visual features”? 

Shape, color, texture, etc 



The image as a “surface” 



Filtering 
g [m,n] f [m,n] 

We want to remove unwanted sources of variation, and keep the 
information relevant for whatever task we need to solve 



Linear filtering 
g [m,n] f [m,n] 

€ 

f [m,n] = h[m,n,k, l]g[k,l]
k,l
∑

For a linear system, each output is a linear combination of all the input values: 

F = H G 

= 

In matrix form: 



Linear filtering 
g [m,n] f [m,n] 

In vision, many times, we are interested in operations that are spatially invariant. 
For a linear spatially invariant system: 

€ 

f [m,n] = I ⊗ g = h[m − k,n − l]g[k,l]
k,l
∑

= 



Linear filtering 

€ 

f [m,n] = I ⊗ g = h[m − k,n − l]g[k,l]
k,l
∑

g [m] 

0 1 2 

h [m] 

2 

-1 -1 

0 1 2 3 

2 2 2 2 

1 1 1 0 0 

€ 

f [m = 0] = h[−k]g[k]
k
∑

Linear system: Input: 

Output? 

0 1 2 h [-k] 

2 

-1 -1 

f [m=0]=-2 

0 1 2 
h [1-k] 

2 

-1 -1 

€ 

f [m =1] = h[1− k]g[k]
k
∑

f [m=1]=-4 

€ 

f [m = 2] = h[2 − k]g[k]
k
∑ f [m=2]=0 



Linear filtering 
g [m,n] f [m,n] 

For a linear spatially invariant system 

€ 

f [m,n] = I ⊗ g = h[m − k,n − l]g[k,l]
k,l
∑

€ 

⊗
‐1  2  ‐1 

‐1  2  ‐1 

‐1  2  ‐1 

g[m,n] 
h[m,n] f[m,n] 

= 

111 115 113 111 112 111 112 111 

135 138 137 139 145 146 149 147 

163 168 188 196 206 202 206 207 

180 184 206 219 202 200 195 193 

189 193 214 216 104 79 83 77 

191 201 217 220 103 59 60 68 

195 205 216 222 113 68 69 83 

199 203 223 228 108 68 71 77 

m=0  1  2  … 
? ? ? ? ? ? ? ? 

? -5 9 -9 21 -12 10 ? 

? -29 18 24 4 -7 5 ? 

? -50 40 142 -88 -34 10 ? 

? -41 41 264 -175 -71 0 ? 

? -24 37 349 -224 -120 -10 ? 

? -23 33 360 -217 -134 -23 ? 

? ? ? ? ? ? ? ? 



Borders 

From Rick’s book 



A taxonomy of useful filters 

•  Impulse, ShiTs,  
•  Blur 

–  Rectangular blur (see arWfacts) 
–  Gaussian 
–  Bilateral exponeWal 

–  Asymmetrical filter: moWon blur 
•  Edges 

–  [‐1 1] 
–  DerivaWve filter  

–  DerivaWve of a gaussian 
–  Oriented filters 
–  Gabor filter 
–  Quadrature filters: phase and magnitude. Iris code. 

–  Elongated edges: filling gaps… 



Impulse 

€ 

⊗

0  0  0  0  0 

0  0  0  0  0 

0  0  1  0  0 

0  0  0  0  0 

0  0  0  0  0 

€ 

f [m,n] = I ⊗ g = h[m − k,n − l]g[k,l]
k,l
∑

g[m,n] 

h[m,n] 

f[m,n] 

= 



ShiTs 

€ 

⊗

0  0  0  0  0 

0  0  0  0  0 

0  0  0  0  1 

0  0  0  0  0 

0  0  0  0  0 

€ 

f [m,n] = I ⊗ g = h[m − k,n − l]g[k,l]
k,l
∑

g[m,n] 

h[m,n] 

f[m,n] 

= 

2pixels 



Image rotaWon 

€ 

⊗

g[m,n] 

h[m,n] 

= ? 

f[m,n] 

It is linear, but not a spatially invariant operation. There is not convolution. 



Rectangular filter 

€ 

⊗

g[m,n] 

h[m,n] 

= 

f[m,n] 



Rectangular filter 

€ 

⊗

g[m,n] 

h[m,n] 

= 

f[m,n] 



Rectangular filter 

€ 

⊗

g[m,n] 

h[m,n] 

= 

f[m,n] 



Integral image 



Sharpening  

original 

0 

2.0 

0 

0.33 

Sharpened
 original 



Sharpening example 
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-0.3 
original 

8 

Sharpened 
(differences are 

accentuated;  constant 
areas are left untouched). 

11.2 
1.7 

-0.25 

8 

filter result 



Sharpening 

before after 



Gaussian filter 

σ=1 

σ=2 

σ=4 



Some desirable properWes for a
 blur kernel 

•  PosiWvity:        h(m) >= 0 

•  Symmetry:      h(m) = h(‐m) 
•  Unimodality:  h(m) >= h(m+1)  for m >= 0  

•  Normalized:   Σ h(m) = 1 
•  Equal contribuWon: Σ h(2m) = Σ h(2m+1) 

Some kernels that verify this are:  
               [½ ½] 

               [¼ ½ ¼] 



Global to Local Analysis 

Dali 



Linear image transformaWons 

•  In analyzing images, it’s oTen useful to 
make a change of basis. 

    Fourier transform, or 
  Wavelet transform, or 
Steerable pyramid transform 

Vectorized image 

transformed image 



Self‐inverWng transforms 

Same basis functions are used for the inverse transform 

U transpose and complex conjugate 



An example of such a transform:  
the Discrete Fourier transform 

€ 

f [k, l] =
1
MN

F[m,n]e
+πi km

M
+
ln
N

 

 
 

 

 
 

l= 0

N−1

∑
k= 0

M −1

∑

Inverse transform 

€ 

F[m,n] = f [k, l]e
−πi km

M
+
ln
N

 

 
 

 

 
 

l= 0

N−1

∑
k= 0

M −1

∑

Forward transform 



To get some sense of what
 basis elements look like, we
 plot a basis element --- or
 rather, its real part ---

as a function of x,y for some
 fixed u, v. We get a function
 that is constant when (u
x+vy) is constant. The
 magnitude of the vector (u,
 v) gives a frequency, and its
 direction gives an
 orientation. The function is a
 sinusoid with this frequency
 along the direction, and
 constant perpendicular to the
 direction. 


u


v




Here u and v
 are larger than
 in the previous
 slide.


u


v




And larger still...


u


v




How to interpret a Fourier Spectrum 

Horizontal 
orientation 

Vertical orientation 

45 deg. 

0 fmax 

0 

fx in cycles/image 

Low spatial frequencies 

High  
spatial  
frequencies 

Log power spectrum 



Fourier Amplitude Spectrum 

A B C 

1 2 3 

fx(cycles/image pixel size) fx(cycles/image pixel size) fx(cycles/image pixel size) 
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 65536. 



3 

Now, an analogous sequence of images, but selecWng Fourier 
components in descending order of magnitude. 



5 



9 



17 
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65 
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513 



1025 
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8193 



16385 
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Fourier transform magnitude 



Masking out the fundamental 
and harmonics from periodic 

pillars 



Fourier Transform 

•  Fourier transform of a 
real function is complex 
–  difficult to plot, visualize 
–  instead, we can think of the 

phase and magnitude of 
the transform 

•  Phase is the phase of the 
complex transform 

•  Magnitude is the 
magnitude of the complex 
transform 

Computer Vision - A Modern Approach - Set:  Pyramids and Texture - Slides by D.A. Forsyth


Magnitude Phase 



Phase and Magnitude 

•  Curious fact 
–  all natural images have about the same magnitude transform 
–  hence, phase seems to ma8er, but magnitude largely doesn’t 

•  DemonstraWon 
–  Take two pictures, swap the phase transforms, compute the 

inverse ‐ what does the result look like? 





This is the
 magnitude
 transform
 of the
 cheetah pic




This is the
 phase
 transform
 of the
 cheetah pic






This is the
 magnitude
 transform
 of the
 zebra pic




This is the
 phase
 transform
 of the
 zebra pic




Reconstruction
 with zebra
 phase, cheetah
 magnitude




Reconstruction
 with cheetah
 phase, zebra
 magnitude




Phase and Magnitude 

Computer Vision - A Modern Approach - Set:  Pyramids and Texture - Slides by D.A. Forsyth


Image with cheetah phase  
(and zebra magnitude) 

Image with zebra phase 
(and cheetah magnitude) 



Randomizing the phase 



Fourier CharacterisWcs of Natural Images 

D. J. Field, "Relations between the statistics of natural images and  
the response properties of cortical cells," J. Opt. Soc. Am. A 4, 2379- (1987)  

Power spectra 
fall off as 1/f 

2 

fx 

Spectra 

1/fa 

Low spatial frequencies 

High SF 

fy 

fx 

Horizontal 

Vertical 

Low SF 

High  
spatial  
frequencies 

Torralba and Oliva, Statistics of Natural Image Categories. Network: 
Computation in Neural Systems 14 (2003) 391-412. 



fx 

fy 

Spectra 

1/fa 

Field (87)  fy fx 

fy fx 

Natural scenes 
(6000 images) 

Man-made scenes 
   (6000 images) 

fy 

fx 

fy 

fx 

Natural scenes 
spectral signature 

Man-made scenes 
   spectral signature 

Power Spectrum of Images 

Torralba and Oliva, Statistics of Natural Image Categories. Network: Computation in Neural Systems 14 (2003) 391-412. 



Edges 



[‐1 1] 



[‐1 1] 

€ 

⊗

g[m,n] 

h[m,n] 

= 

f[m,n] 

[-1, 1] 



[‐1 1]T 

€ 

⊗

g[m,n] 

h[m,n] 

= 

f[m,n] 

[-1, 1]T 



ObservaWon: Sparse filter response 



Back to the image 

? 



ReconstrucWon from derivaWves 
F = H G 

= 

1  ‐1 

1  ‐1 

1  ‐1 

1  ‐1 

1  ‐1 

1  ‐1 

1  ‐1 

1 

If the transformation H is not invertible, we can compute the pseudo-inverse: 

G = (HTH)-1 HT F ^ 

[-1 1] 

[-1 1]T 

= 

If we have multiple filter outputs: 



ReconstrucWon 

[1 -1] 

[1 -1]T 



EdiWng the edge image 

[1 -1] 

[1 -1]T 



Thresholding edges 



Intrinsic images 
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Forming an Image 

Surface (Height Map) 

Illuminate the surface to get: 

The shading image is the interaction of the shape 
of the surface and the illumination 

Shading Image 

Slide: Marshal Tappen 
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PainWng the Surface 

Scene 

Add a reflectance pattern to the surface. 
Points inside the squares should reflect 
less light 

Image 

Slide: Marshal Tappen 
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Goal 

Image Shading Image Reflectance 
Image 

Slide: Marshal Tappen 



ReWnex 
E.H. Land, J.J. McCANN - Journal of the Optical society of America, 1971 

The reflectance tends to be constant across space except for abrupt changes at the 
transitions between objects or pigments. Thus a reflectance change shows itself as 
step edge in an image, while illuminance changes gradually over space. By this 
argument one can separate reflectance change from illuminance change by taking 
spatial derivatives: High derivatives are due to reflectance and low ones are due to 
illuminance. 



ReWnex 

= x 

24 =  ? x ? 

From M. Tappen, PhD 

Again, we are trying to solve an ill-posed problem: 



ReWnex 

log  

€ 

⊗ [1 -1] 

€ 

⊗ [1 -1]T 

From M. Tappen, PhD 

From M. Tappen, PhD 







Craik‐O'Brien‐Cornsweet effect 



Knill and Kersten's illusion 

The effect is gone 

This illusion highlights 
the importance of 
scene interpretation. 

and it comes back when 
the gradient is not explained 
by the shape. 
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A more general approach 
1.  Compute the x and y image derivatives 
2.  Classify each derivative as being caused by 

either shading or a reflectance change 
3.  Set derivatives with the wrong label to zero.  
4.  Recover the intrinsic images by finding the 

least-squares solution of the derivatives. 

Original x derivative image  
Classify each derivative 
(White is reflectance) 

Slide: Marshal Tappen 



What edges are important? 



DifferenWal Geometry Descriptors 

g(n,m) 



g(x,y) 
If we think of the image as a continuous function 

€ 

∇g =
∂g(x,y)
∂x

,∂g(x,y)
∂y

 

 
 

 

 
 

Image gradient: 

Directional gradient: 

€ 

uT∇g = cos α( )∂g(x,y)
∂x

+ sin α( )∂g(x,y)
∂y

|u|=1 

Laplacian: 

DifferenWal Geometry Descriptors 

€ 

∇2g =
∂ 2g(x,y)
∂x 2

+
∂ 2g(x,y)
∂y 2



€ 

∂g(x,y)
∂x

⊗ h(x,y) =
€ 

h(x,y) =
1

2πσ 2 e
−
x 2 +y 2

2σ 2

€ 

=
∂g(x,y)⊗ h(x,y)

∂x
=

€ 

∂h(x,y)
∂x

=
−x
2πσ 4 e

−
x 2 +y 2

2σ 2€ 

= g(x,y)⊗ ∂h(x,y)
∂x



€ 

hx (x,y) =
∂h(x,y)
∂x

=
−x
2πσ 4 e

−
x 2 +y 2

2σ 2

€ 

hy (x,y) =
∂h(x,y)
∂x

=
−x
2πσ 4 e

−
x 2 +y 2

2σ 2

€ 

uT∇g⊗ h = cos α( )hx (x,y) + sin α( )hy (x,y)( )⊗ g(x,y) =

€ 

= cos α( )hx (x,y)⊗ g(x,y) + sin α( )hy (x,y)⊗ g(x,y) =
Any orientation can be computed as a linear combination of two filtered images 

The smoothed directional gradient is a linear combination of two kernels 

= cos(α) +sin(α) = 

Steereability of gaussian derivatives, Freeman & Adelson 92 



Laplacian 

€ 

∇2g⊗ h =
∂ 2g(x,y)
∂x 2

+
∂ 2g(x,y)
∂y 2

 

 
 

 

 
 ⊗ h(x,y)

€ 

∇2g⊗ h = g⊗∇2h
€ 

h(x,y) =
1

2πσ 2 e
−
x 2 +y 2

2σ 2

€ 

∇2h(x,y) =
x 2 + y 2

σ 4 −
2
σ 2

 

 
 

 

 
 h(x,y)





A “summary” of visual features 



Comparing Human and Machine Perception 



Contrast SensiWvity FuncWon 

A demo of human contrast sensitivity as a function of spatial frequency. Frequency rises from left to right at a constant rate. Contrast drops from 
bottom to top at a constant rate. The bars are visible further up for middle frequencies, showing these are more salient to the human visual 
system.  



Contrast SensiWvity FuncWon 

0.1 1 100 10 
Spatial frequency (cycles/degree) 
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Blackmore & Campbell (1969) 

Maximum sensitivity 
~ 6 cycles / degree of visual angle 

Low High 


