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Blurring problems in imaging 

ÅMotion blur
ÅFlutter shutter

ÅMotion invariant photography

ÅDefocus blur
ÅCoded aperture

ÅLattice focal

ÅFlexible depth of field

ÅWavefrontcoding
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Blurring and deblurring

yxk =Ãy=k*x

Deblurringis hard:
Å Need to know convolution kernel
Å Deconvolution is ill posed 

? =ᶻ



Deconvolution is ill posed

? =

=?

Solution 1:

Solution 2:

ᶻ

k*x=y

ᶻ
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Convolution and deconvolution in Frequency domain

yxk =Ã y=k*x

╨◌=╚◌ɇ╧◌

Primal domain: convolution

Frequenceydomain: multiplication

Deconvolution in Frequency domain: division

╧◌=
╨◌

╚◌

Division by zero
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Deconvolution and noise amplification

yxk =Ã y=k*x

╨◌=╚◌ɇ╧◌

Primal domain: convolution

Frequenceydomain: multiplication

Deconvolution in Frequency domain: division

╧◌=
╨◌

╚◌

Division by zero

+n

+╝◌

+
╝◌

╚◌ Noise contribution 
increases when 
╚◌ is small



Computational photography approaches to 
blurring problems

ÅMotion blur
ÅFlutter shutter

ÅMotion invariant photography

ÅDefocus blur
ÅCoded aperture

ÅLattice focal

ÅFlexible depth of field

ÅWavefrontcoding



Flutter Shutter

Engineer motion PSF (coding exposure time) so it becomes invertible!

[Raskaret al. 2006]

[Raskaret al. 2006]



Traditional Camera

Shutter is OPEN

[Raskaret al. 2006]



Flutter Shutter

[Raskaret al. 2006]



Shutter is OPEN and 

CLOSED

[Raskaret al. 2006]



Lab Setup
[Raskaret al. 2006]



Blurring 

=

Convolution

Traditional Camera: Box Filter

sinc Function

[Raskaret al. 2006]

Fourier magnitudes

spatial convolution



Flutter Shutter: Coded Filter

Preserves High Frequencies!!!

[Raskaret al. 2006]

spatial convolution

Fourier magnitudes



Comparison
[Raskaret al. 2006]



Inverse Filter Unstable

Inverse Filter stable

[Raskaret al. 2006]



Short Exposure Long Exposure Coded Exposure

Ground TruthMatlabRichardson-Lucy

Our result



Are all codes good ?

Alternate

All ones

Random

Our Code

[Raskaret al. 2006]



License Plate Retrieval

[Raskaret al. 2006]



License Plate Retrieval

[Raskaret al. 2006]



Computational photography approaches to 
blurring problems

ÅMotion blur
ÅFlutter shutter

ÅMotion invariant photography

ÅDefocus blur
ÅCoded aperture

ÅLattice focal

ÅFlexible depth of field

ÅWavefrontcoding
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Overcoming motion blur

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.
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Overcoming motion blur

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.

Removing motion blur is hard:

ÅNeed to know exact motion velocity (blur kernel)

ÅNeed to segment image

Deblurring red car
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Overcoming motion blur

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.
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Overcoming motion blur

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.
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Overcoming motion blur

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.

Motion invariant blur
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Overcoming motion blurMotion Invariant Photography
Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.

Motion invariant deblurring
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Static camera

Unknown and 

variable blur 

Our parabolic input

Blur invariant to 

velocity

Our output after 

deblurring

NON-BLIND 

deblurring

Levin et al. Motion Invariant Photography   SIGGRAPH, 2008.



The space time volume

xyt- space-time volume

xt-slice

x

y

x

t

t



The space time volume

xt-slice

x

Static objects- vertical lines

Moving objects slanted lines, slope ~ motion velocity

t



Camera integration

t

x

captured image (1D)

Static objects- sharp

Moving objects- blurred

Pixel integration curves



Shearing

x

Static object coordinates 

xô

Moving object coordinates

t t

Coordinate

change

Shearing: ),( tstx-­),( tx



Shearing

t

x x

Shearing: ),( tstx-­),( tx

Static object coordinates Moving object coordinates

t
Displacement:

Can we find a shear invariant integration curve? 

Solution: parabolic curve! 



Solution: parabolic curve - shear invariant

x

t
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Solution: parabolic curve - shear invariant

t
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Solution: parabolic curve - shear invariant

t
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Solution: parabolic curve - shear invariant

t
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Solution: parabolic curve - shear invariant

t
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Solution: parabolic curve - shear invariant

t
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Solution: parabolic curve - shear invariant

x

Static object coordinates Moving object coordinates

Shearing: ),( tstx-­),( tx

Sheared parabola     Shifted parabola

t t
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Solution: parabolic curve - shear invariant

x

Static object coordinates Moving object coordinates

Shearing: ),( tstx-­),( tx

Sheared parabola     Shifted parabola

2)( ttf = stttfs -= 2)(

( ) 4/2/         22
sst --=

b c

t t



Solution: parabolic curve - shear invariant

For any velocity (slope),

Åthere is one time instant where curve is tangent 

Åcorresponds to moment when object is tracked.

ÅThe parabola has a linear derivative

=> spends equal time tracking each velocity.

x

t



Hardware construction

ÅIdeally move sensor                                                         

(requires same hardware as existing stabilization systems)

ÅIn prototype implementation: rotate camera 

variable 

radius

cam

Rotating 

platform

Lever



Input from a static camera Deblurred output from our camera 

Human motion- no perfect linearity



Violating 1D motion assumption- forward motion

Input from a static camera Deblurred output from our camera 



Violating 1D motion assumption- stand-up motion

Input from a static camera Deblurred output from our camera 



Violating 1D motion assumption- rotation

Input from a static camera Deblurred output from our camera 



Limitations & approximations

Limitations:

Å1-D velocity

ÅPre-defined velocities range

Approximations:

ÅPSFs differs in boundaries for different velocities

ÅDeblurredobjects captured at different times

PSF

x
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Uniqueness & optimality

ÅUniqueness ςParabola is the only shear invariant 
curve

ÅOptimality ςMost stable inversion of PSF: 
ὴίὪύ is the highest you can get, 
provably.

ώ ὴίὪzὼ

ώ ὴίὪɇὼ

ὴίὪɇώ ὼ

ꞈ

ᶶ
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Computational photography approaches to 
blurring problems

ÅMotion blur
ÅFlutter shutter

ÅMotion invariant photography

ÅDefocus blur
ÅCoded aperture

ÅLattice focal

ÅFlexible depth of field

ÅWavefrontcoding



Image and Depth from a Conventional Camera 
with a Coded Aperture

Anat Levin, Rob Fergus,    
Frédo Durand, William Freeman

54



Coded aperture - Introduction

Problem:

Objects that are not in focus seem blurry.

Goal:
Single input image:

Output #1: Depth map

Output #2: All -focused image
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Lens
Camera sensor

Point spread 
function

Image of a point light 

source

Focal plane

Lensô aperture 

Defocus blur
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LensObject
Camera sensor

Point spread 
function

Focal plane

Defocus blur

Image of a defocused 

point light source
Lensô aperture 
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Lens
Camera sensor

Point spread 
function

Object

Focal plane

Defocus blur

Lensô aperture 
Image of a defocused 

point light source

58



Lens
Camera sensor

Point spread 
function

Object

Focal plane

Defocus blur

Lensô aperture 
Image of a defocused 

point light source
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Lens
Camera sensor

Point spread 
function

Object

Focal plane

Defocus blur

Lensô aperture 
Image of a defocused 

point light source

.ƭǳǊ ҭ 5ŜǇǘƘҭ PSF (Filter) Scale
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1-D Frequency analysis

Time

FrequencyFrequency

Time

Larger filter scale

ÝLoss of high frequencies

ÝReconstruction is difficult 61



Main Challenges

1. Depth discrimination

A smooth scene or defocus blur?

Lack or loss of high frequencies?

2.   Loss of high frequencies         Reconstruction is difficult.

Out of focus
?

Ý
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Coded aperture

ÅMask within the aperture of the lens

ÅDefocus patterns differ from natural images 
=> Easier depth discrimination

ÅDefocus kernel preserves more high frequencies (not a LPF)
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