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Course announcements

Å Homework 2 is out.
- Due September 27th. 
- Requires camera andtripod.
- Start early! Substantiallylarger programming and imaging components than in Homework 1.
- Generous bonus component, up to 50% extra credit.
- No really: start early!

Å Computational imaging group meeting is on Fridays, 3 - 4 pm, WEH 5421.
- You are welcome to attend.
- You can also join the comp-imaging mailing list for related announcements (see Piazza for link).



hǾŜǊǾƛŜǿ ƻŦ ǘƻŘŀȅΩǎ ƭŜŎǘǳǊŜ
ÅGradient-domain image processing.

ÅBasics on images and gradients.

Å Integrable vector fields.

ÅPoisson blending.

ÅA more efficient Poisson solver.

ÅPoisson image editing examples.

ÅFlash/no-flash photography.

ÅGradient-domain rendering.

ÅGradient cameras.



Slide credits

Many of these slides were adapted from:

ÅKris Kitani(15-463, Fall 2016).
ÅFredoDurand (MIT).
ÅJames Hays (Georgia Tech).
ÅAmit Agrawal (MERL).
ÅJaakko Lehtinen(Aalto University).



Gradient-domain image processing



Someone leaked season 8 of Game of Thrones

or, more likely, they made some creative use of Poisson blending



Application: Poisson blending

originals copy-paste Poisson blending



More applications

Removing Glass Reflections

Seamless Image Stitching



Yet more applications

Tonemapping

Fusing day and night photos



Entire suite of image editing tools



Main pipeline

Estimation

of Gradients

Manipulation of 

Gradients

Non-Integrable 

Gradient Fields

Reconstruction 

from 

Gradients

Images/Videos/

Meshes/Surfaces

Images/Videos/

Meshes/Surfaces



Basics of images and gradients



Image representation

We can treat images as scalar fields (i.e., two dimensional functions)

I(x,y):ᴙ2ᴼ ᴙ



Image gradients

Convert the scalarfield into a vectorfield through differentiation.
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Image gradients

Convert the scalarfield into a vectorfield through differentiation.
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ÅHow do we do this differentiation in real discreteimages?



Finite differences

High-school reminder: definition of a derivative using forward difference



Finite differences

High-school reminder: definition of a derivative using forward difference

Alternative: use central difference

For discrete signals: Remove limit and set h = 2

How do you efficiently 
compute this?



Finite differences

High-school reminder: definition of a derivative using forward difference

Alternative: use central difference

For discrete signals: Remove limit and set h = 2

What convolution kernel 
does this correspond to?



Finite differences

High-school reminder: definition of a derivative using forward difference

Alternative: use central difference

For discrete signals: Remove limit and set h = 2

1 0 -1

-1 0 1 ?

?



Finite differences

High-school reminder: definition of a derivative using forward difference

Alternative: use central difference

For discrete signals: Remove limit and set h = 2

1 0 -1

1D derivative filter



Finite differences

High-school reminder: definition of a derivative using forward difference

For discrete signals: Remove limit and set h = 1

We will be using forward differences in this lecture!

Ὢ ὼ Ὢὼ ρ Ὢὼ 1 -1

1D derivative filter



Image gradients

Convert the scalarfield into a vectorfield through differentiation.
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=Ð),( yxI :ᴙ2ᴼ ᴙ :ᴙ2ᴼ ᴙ2scalar field vector field

ÅHow do we do this differentiation in real discreteimages?

ÅCan we go in the opposite direction, from gradients to images?



Vector field integration

Two core questions:

ÅWhen is integration of a vector field possible?

ÅHow can integration of a vector field be performed? 



Integrable vector fields



Integrable fields

Given an arbitrary vector field (u, v), can we always integrate it into a scalar field I?

such that 

‬Ὅ

‬ὼ
ὼȟώ όὼȟώ

Ὅὼȟώȡᴙ ᴼᴙ ὺὼȟώȡᴙ ᴼᴙόὼȟώȡᴙ ᴼᴙ

‬Ὅ

‬ώ
ὼȟώ ὺὼȟώ

?



Curl and divergence
Curl: vectoroperator showing the rate of rotation of a vector field.

Divergence: vectoroperator showing the isotropy of a vector field.

IICurl Ð³Ð=Ð )(

IIDiv Ð¶Ð=Ð )(

What is the dimension of this?

What is the dimension of this?



Curl and divergence
Curl: vectoroperator showing the rate of rotation of a vector field.

Divergence: vectoroperator showing the isotropy of a vector field.

IICurl Ð³Ð=Ð )(

IIDiv Ð¶Ð=Ð )(

Another vector field (in 2D, this 
is parallel to a vector 

orthogonal to the 2D plane).

Scalar field

How do we write these operators in terms of derivatives of I?
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Curl and divergence
Curl: vectoroperator showing the rate of rotation of a vector field.

Divergence: vectoroperator showing the isotropy of a vector field.
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(here we ignore a unit vector k)



Property of twice-differentiable functions

Curl of the gradient field should be zero:

What does that mean intuitively?

0)( =-=Ð
xyyx

IIICurl



Property of twice-differentiable functions

Curl of the gradient field should be zero:

0)( =-=Ð
xyyx

IIICurl

What does that mean intuitively?

ÅSame result independent of order of differentiation.

xyyx
II =



Demonstration

Image Ix Iy

Div(Ix, Iy) Curl(Ix, Iy) Ixy Iyx

=

How do we compute this?



Basically a second derivative filter.
ÅWe can use finite differences to derive it, as with first derivative filter.

Laplace filter

?

first-order
finite difference

1D derivative filter

second-order
finite difference

Laplacefilter

1 -1



Basically a second derivative filter.
ÅWe can use finite differences to derive it, as with first derivative filter.

Laplace filter

first-order
finite difference

1D derivative filter

second-order
finite difference 1 -2 1

Laplacefilter

1 -1



Property of twice-differentiable functions

Curl of the gradient field should be zero:

0)( =-=Ð
xyyx

IIICurl

What does that mean intuitively?

ÅSame result independent of order of differentiation.

xyyx
II =

Can you use this property to derive an integrability condition?



Integrable fields

Given an arbitrary vector field (u, v), can we always integrate it into a scalar field I?

such that 

‬Ὅ

‬ὼ
ὼȟώ όὼȟώ

Ὅὼȟώȡᴙ ᴼᴙ ὺὼȟώȡᴙ ᴼᴙόὼȟώȡᴙ ᴼᴙ

‬Ὅ

‬ώ
ὼȟώ ὺὼȟώ

?

ᶯ
όὼȟώ

ὺὼȟώ
πᵼ
‬ό

‬ώ
ὼȟώ

‬ὺ

‬ώ
ὼȟώ

Only if:



Vector field integration

Two core questions:

ÅWhen is integration of a vector field possible?
- Use curl to check for equality of mixed partial second derivatives.

ÅHow can integration of a vector field be performed? 



Different types of integration problems

ÅReconstructing height field from gradients
Applications: shape from shading, photometric stereo

ÅManipulating image gradients
Applications: tonemapping, image editing, matting, fusion, mosaics

ÅManipulation of 3D gradients
Applications: mesh editing, video operations

Key challenge: Most vector fields in applications are not integrable.
Å Integration must be done approximately.



Poisson blending



Application: Poisson blending

originals copy-paste Poisson blending



When blending, retain the gradientinformation as best as possible

4
0

Key idea

source destination copy-paste Poisson blending



two signals regular blending blending derivatives

bright

dark

Poisson blending: 1D example



Definitions and notation

add image 
here

g: sourcefunction

S: destination

ʍ: destinationdomain

f: interpolant function

f*: destinationfunction

Notation

Which one is the unknown?



Definitions and notation

add image 
here

How should we determine f?
Åshould it look like g?
Åshould it look like f*?

g: sourcefunction

S: destination

ʍ: destinationdomain

f: interpolant function

f*: destinationfunction

Notation



Variationalproblem

what does this 
term do?

what does this 
term do?

Image gradient

Recall ...

Interpolation criterion

is this known?

άVariationalέ ƳŜŀƴǎ 
optimization where 
the unknown is an 

entire function



Variationalproblem

gradient of f looks 
like gradient of g

f is equivalent to f* 
at the boundaries

Image gradient

Recall ...

Interpolation criterion

Yes, since the source 
function g is known

άVariationalέ ƳŜŀƴǎ 
optimization where 
the unknown is an 

entire function



Poisson equation (with Dirichletboundary conditions)

Laplacian

Gradient

Equivalently

Divergence

This is where Poisson
blending comes from

what does this term do?



Poisson equation (with Dirichletboundary conditions)

Laplacian

Gradient

Equivalently

Divergence

Laplacian of f same as g



Poisson equation (with Dirichletboundary conditions)

Equivalently

so make these guys ...

the same

How can we do this?



Poisson equation (with Dirichletboundary conditions)

Equivalently

So for each pixel p, do:
How did we compute 

the Laplacian?
Or for discrete images:



Poisson equation (with Dirichletboundary conditions)

Equivalently

So for each pixel p, do:

Or for discrete images:

0 1 0

1 -4 1

0 1 0

Recall...

Laplace 
filter

²ƘŀǘΩǎ ƪƴƻǿƴandǿƘŀǘΩǎ ǳƴƪƴƻǿƴΚ



Poisson equation (with Dirichletboundary conditions)

Equivalently

So for each pixel p, do:

0 1 0

1 -4 1

0 1 0

Recall...

Laplace 
filterOr for discrete images:

f is unknown except 
at the boundary

g and its Laplacian 
are known



In vector form:

όŜŀŎƘ ǇƛȄŜƭ ŀŘŘǎ ŀƴƻǘƘŜǊ ΨǎǇŀǊǎŜΩ Ǌƻǿ ƘŜǊŜύ

Linear system of equations

WARNING: requires special treatment at the borders
(target boundary values are same as source )

linear equation 
of N variables

one for each pixel 
in destination

We can rewrite this as

How would you solve this?

What is this?

πỄ ρỄ ρτ ρỄ ρỄπ



Solving the linear system

Convert the system to a linear least-squares problem:

Expandthe error:

Set derivativeto 0

Minimize the error:

Solve for x



Solving the linear system

Convert the system to a linear least-squares problem:

Expandthe error:

Set derivativeto 0

Minimize the error:

Solve for x

In Matlab:

f = A \ b

Note: You almost neverwant to 
compute the inverse of a matrix.



Integration procedures

ÅPoisson solver (i.e., least squares integration)
+ Generally applicable.
- Matrices A can become verylarge.

ÅAcceleration techniques: 
+ (Conjugate) gradient descent solvers.
+ Multi-grid approaches.
+ Pre-conditioning.
+ Quadtree decompositions.

ÅAlternative solvers: projection procedures.
We will discuss one of these when we cover photometric stereo.



A more efficient Poisson solver



Variationalproblem

gradient of f looks 
like gradient of g

f is equivalent to f* 
at the boundaries

Image gradient

Recall ...

[ŜǘΩǎ ƭƻƻƪ ŀƎŀƛƴ ŀǘ ƻǳǊ ƻǇǘƛƳƛȊŀǘƛƻƴ ǇǊƻōƭŜƳ



Variationalproblem

gradient of f looks 
like gradient of g

f is equivalent to f* 
at the boundaries

[ŜǘΩǎ ƭƻƻƪ ŀƎŀƛƴ ŀǘ ƻǳǊ ƻǇǘƛƳƛȊŀǘƛƻƴ ǇǊƻōƭŜƳ

And for discrete images:

‬

‬ὼ

‬

‬ώ

1 -1

1

-1

Image gradient

Recall ...



Discreteproblem
What are G, f, and v?

[ŜǘΩǎ ƭƻƻƪ ŀƎŀƛƴ ŀǘ ƻǳǊ ƻǇǘƛƳƛȊŀǘƛƻƴ ǇǊƻōƭŜƳ

We can use the 
gradient 

approximation to 
discretize the 

variational problem

We will ignore the 
boundary conditions 

for now.ÍÉÎὋὪ ὺ

Image gradient

Recall ... And for discrete images:

‬

‬ὼ

‬

‬ώ

1 -1

1

-1



Discreteproblem
matrix G formed by stacking 
together discrete gradients

[ŜǘΩǎ ƭƻƻƪ ŀƎŀƛƴ ŀǘ ƻǳǊ ƻǇǘƛƳƛȊŀǘƛƻƴ ǇǊƻōƭŜƳ

We can use the 
gradient 

approximation to 
discretize the 

variational problem

We will ignore the 
boundary conditions 

for now.ÍÉÎὋὪ ὺ

vectorized version of 
the unknown image

vectorized version of the 
target gradient field

Image gradient

Recall ... And for discrete images:

‬

‬ὼ

‬

‬ώ

1 -1

1

-1



Discreteproblem
matrix G formed by stacking 
together discrete gradients

[ŜǘΩǎ ƭƻƻƪ ŀƎŀƛƴ ŀǘ ƻǳǊ ƻǇǘƛƳƛȊŀǘƛƻƴ ǇǊƻōƭŜƳ

How do we solve 
this optimization 

problem?ÍÉÎὋὪ ὺ

vectorized version of 
the unknown image

vectorized version of the 
target gradient field

Image gradient

Recall ... And for discrete images:

‬

‬ὼ

‬

‬ώ

1 -1

1

-1



Approach 1: Compute stationary points

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ȩ



Approach 1: Compute stationary points

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ

Χ ŀƴŘ ǿŜ Řƻ ǿƘŀǘ ǿƛǘƘ ƛǘΚ



Approach 1: Compute stationary points

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ

Χ ŀƴŘ ǿŜ ǎŜǘ ǘƘŀǘ ǘƻ ȊŜǊƻΥ

‬Ὁ

‬Ὢ
πᵼὋὋὪ Ὃὺ

What is this matrix?

What is this vector?



Approach 1: Compute stationary points

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ

Χ ŀƴŘ ǿŜ ǎŜǘ ǘƘŀǘ ǘƻ ȊŜǊƻΥ

‬Ὁ

‬Ὢ
πᵼὋὋὪ Ὃὺ

It is equal to the 
Laplacian matrix A we 
derived previously!

It is equal to the vector 
b we derived previously!



Poisson equation (with Dirichletboundary conditions)

Reminder from variational case

So for each pixel p, do:

Or for discrete images:

0 1 0

1 -4 1

0 1 0

Recall...

Laplace 
filter

²ƘŀǘΩǎ ƪƴƻǿƴandǿƘŀǘΩǎ ǳƴƪƴƻǿƴΚ



In vector form:

όŜŀŎƘ ǇƛȄŜƭ ŀŘŘǎ ŀƴƻǘƘŜǊ ΨǎǇŀǊǎŜΩ Ǌƻǿ ƘŜǊŜύ

Linear system of equations

linear equation 
of N variables

one for each pixel 
in destination

Reminder from variational case

Same system as:

πỄ ρỄ ρτ ρỄ ρỄπ

ὋὋὪ Ὃὺ

We arrive at the same system, no matter whether we discretize the 
continuous Poisson equation or the variational optimization problem.



Approach 1: Compute stationary points

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ

Χ ŀƴŘ ǿŜ ǎŜǘ ǘƘŀǘ ǘƻ ȊŜǊƻΥ

‬Ὁ

‬Ὢ
πᵼὋὋὪ Ὃὺ

Solving this is exactlyas 
expensive as what we 

had before.



Approach 2: Use gradient descent

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ ὃὪ ὦḳὶ

We call this term 
the residual



Approach 2: Use gradient descent

Given the loss function:

ὉὪ ὋὪ ὺ

Χ ǿŜ ŎƻƳǇǳǘŜ ƛǘǎ ŘŜǊƛǾŀǘƛǾŜΥ

‬Ὁ

‬Ὢ
ὋὋὪ Ὃὺ ὃὪ ὦḳὶ

Χ ŀƴŘ ǘƘŜƴ ǿŜ iterativelycompute a solution:

Ὢ Ὢ ʂὶ
are positive step sizesʂ

for i  πȟ ρȟ ȣȟ .ȟwhere

We call this term 
the residual



Selecting optimal step sizes

Make derivative of loss function with respect to       equal to zero:ʂ

ὉὪ ὋὪ ʂὶ ὺ

‬ὉὪ

‬ʂ
ὦ ὃὪ ʂὶ ὶ πᵼʂ

ὶ ὶ

ὶ ὃὶ

ὉὪ ὋὪ ὺ



Gradient descent

Minimize by iteratively computing:

Ὢ Ὢ ʂὶȟ for i  πȟ ρȟ ȣȟ .ʂ
ὶ ὶ

ὶ ὃὶ
ὶ ὦ ὃὪȟ

Is this cheaper than the pseudo-inverse approach?

Given the loss function:

ὉὪ ὋὪ ὺ



Gradient descent

Minimize by iteratively computing:

Ὢ Ὢ ʂὶȟ for i  πȟ ρȟ ȣȟ .ʂ
ὶ ὶ

ὶ ὃὶ
ὶ ὦ ὃὪȟ

Is this cheaper than the pseudo-inverse approach?

ÅWe never need to compute A, only its products with vectors f, r.

Given the loss function:

ὉὪ ὋὪ ὺ



Gradient descent

Minimize by iteratively computing:

Ὢ Ὢ ʂὶȟ for i  πȟ ρȟ ȣȟ .ʂ
ὶ ὶ

ὶ ὃὶ
ὶ ὦ ὃὪȟ

Is this cheaper than the pseudo-inverse approach?

ÅWe never need to compute A, only its products with vectors f, r.
ÅVectors f, r are images.

Given the loss function:

ὉὪ ὋὪ ὺ



Gradient descent

Minimize by iteratively computing:

Ὢ Ὢ ʂὶȟ for i  πȟ ρȟ ȣȟ .ʂ
ὶ ὶ

ὶ ὃὶ
ὶ ὦ ὃὪȟ

Is this cheaper than the pseudo-inverse approach?

ÅWe never need to compute A, only its products with vectors f, r.
ÅVectors f, r are images.
ÅBecause A is the Laplacian matrix, these matrix-vector products can be efficiently computed 

using convolutionswith the Laplacian kernel.

Given the loss function:

ὉὪ ὋὪ ὺ



In practice: conjugate gradient descent

Minimize by iteratively computing:

Ὢ Ὢ ʂὨȟ for i  πȟ ρȟ ȣȟ .

ʂ
Ὠ ὶ

Ὠ ὃὨ

ὶ ὦ ὃὪȟ

‍
ὶ ὶ

ὶ ὶ

Ὠ ὶ ‍ Ὠȟ ÅSmarter way for selecting 
update directions

ÅEverything can still be done 
using convolutions

Given the loss function:

ὉὪ ὋὪ ὺ



Note: initialization

Does the initialization f0 matter?



Note: initialization

Does the initialization f0 matter?

ÅLǘ ŘƻŜǎƴΩǘ ƳŀǘǘŜǊ ƛƴ ǘŜǊƳǎ ƻŦ ǿƘŀǘ Ŧƛƴŀƭ f we converge to, because the loss function is convex. 

ὉὪ ὋὪ ὺ



Note: initialization

Does the initialization f0 matter?

ÅLǘ ŘƻŜǎƴΩǘ ƳŀǘǘŜǊ ƛƴ ǘŜǊƳǎ ƻŦ ǿƘŀǘ Ŧƛƴŀƭ f we converge to, because the loss function is convex. 

ὉὪ ὋὪ ὺ

Å It does matter in terms of convergence speed.
ÅWe typically use a multi-gridapproach: 

- Solve an initial problem for a very low-resolution f (e.g., 2x2).
- Use the solution to initialize gradient descent for a higher resolution f (e.g., 4x4).
- Use the solution to initialize gradient descent for a higher resolution f (e.g., 8x8).

Χ
- Use the solution to initialize gradient descent for an f with the original resolution NxN.



In vector form:

όŜŀŎƘ ǇƛȄŜƭ ŀŘŘǎ ŀƴƻǘƘŜǊ ΨǎǇŀǊǎŜΩ Ǌƻǿ ƘŜǊŜύ

Linear system of equations

WARNING: requires special treatment at the borders
(target boundary values are same as source )

linear equation 
of N variables

one for each pixel 
in destination

We can rewrite this as

How would you solve this?

What is this?

πỄ ρỄ ρτ ρỄ ρỄπ



Note: Handling (Dirichlet) boundary conditions

ÅForm a mask M that is 0 for pixels that should not be 
updated (pixels on S-ɱand ‬ɱ) and 1 otherwise.

ÅUse convolution to perform Laplacian filtering over 
the entire image.

ÅUse (conjugate) gradient descent rules to only 
update pixels for which the mask is 1. Equivalently,
change the update rules to:

Ὢ Ὢ ὓʂὶ

Ὢ Ὢ ὓὨὶ

(gradient descent)

(conjugate gradient descent)



Poisson image editing examples



tƘƻǘƻǎƘƻǇΩǎ άƘŜŀƭƛƴƎ ōǊǳǎƘέ

Slightly more advanced version 
of what we covered here:
ÅUses higher-order derivatives



Contrast problem

Loss of contrast when pasting from dark to bright:
ÅContrast is a multiplicative property.
ÅWith Poisson blending we are matching linear differences.



Contrast problem

Loss of contrast when pasting from dark to bright:
ÅContrast is a multiplicative property.
ÅWith Poisson blending we are matching linear differences.

Solution: Do blending in log-domain.



More blending

copy-paste Poisson blendingoriginals



Blending transparent objects



Blending objects with holes



Editing



Concealment

How would you do this 
with Poisson blending?



Concealment

How would you do this 
with Poisson blending?

Å Insert a copy of the 
background.



Texture swapping



Special case: membrane interpolation

How would you do this?



Special case: membrane interpolation

How would you do this?

Poissonproblem

Laplacianproblem



Flash/no-flash photography



No-FlashFlash

+ Low Noise
+ Sharp
- Artificial Light
- Jarring Look

- High Noise
- Lacks Detail
+ Ambient Light
+ Natural Look



Denoising Result



ÅShow a larger result here

No-Flash



Denoising Result



Key idea

Denoise the no-flash image while maintaining the edge structure of the flash image
ÅIƻǿ ǿƻǳƭŘ ȅƻǳ Řƻ ǘƘƛǎ ǳǎƛƴƎ ǘƘŜ ƛƳŀƎŜ ŜŘƛǘƛƴƎ ǘŜŎƘƴƛǉǳŜǎ ǿŜΩǾŜ ƭŜŀǊƴŜŘ ŀōƻǳǘΚ



Can we do similar flash/no-flash fusion tasks with 
gradient-domain processing?



Removing self-reflections and hot-spots
Ambient Flash



Removing self-reflections and hot-spots
Ambient Flash

Hands

Face

Tripod



Removing self-reflections and hot-spots
ResultAmbient

Flash

Reflection Layer



Idea: look at how gradients are affected
Same gradient 
vector direction

Flash Gradient Vector

Ambient Gradient Vector

Ambient Flash

No reflections



Idea: look at how gradients are affected
Reflection Ambient Gradient 

VectorDifferent gradient 
vector direction

With reflections

Ambient Flash

Flash Gradient Vector



Gradient projections
Residual 
Gradient 

Vector

Result Gradient Vector

Result Residual

Flash Gradient Vector

Ambient Flash



Flash/no-flash with gradient-domain processing

2D 

Integration

Flash

Ambient

X

Y

X

Y

Intensity Gradient 

Vector Projection

Result X

Result Y

Result

2D Integration



Gradient-domain rendering







Primal domain Gradient domain



Primal domain Gradient domain

gradients of 
natural images 

are sparse
(close to zero 

in most places)


