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Abstract
Blind image deconvolution is an ill-posed problem that

requires regularization to solve. However, many common
forms of image prior used in this setting have a major draw-
back in that the minimum of the resulting cost function does
not correspond to the true sharp solution. Accordingly,
a range of workaround methods are needed to yield good
results (e.g. Bayesian methods, adaptive cost functions,
alpha-matte extraction and edge localization). In this pa-
per we introduce a new type of image regularization which
gives lowest cost for the true sharp image. This allows a
very simple cost formulation to be used for the blind decon-
volution model, obviating the need for additional methods.
Due to its simplicity the algorithm is fast and very robust.
We demonstrate our method on real images with both spa-
tially invariant and spatially varying blur.

1. Introduction

Low-level vision tasks, such as denoising, deblurring,
in-painting and super-resolution involve the recovery of a
sharp distortion-free image from a corrupted and degraded
input. As these problems are ill-posed, most approaches in-
troduce an image prior that favors natural images over un-
natural (i.e. noisy or blurry) ones. By regularizing the prob-
lem in this fashion, a high quality result can be recovered.

A wide range of parametric image priors have been pro-
posed. The simplest are Gaussian smoothness penalties on
the output of local derivative operators. But since images
are highly non-Gaussian [5], many approaches [6, 13, 14]
instead use `p-norms on the gradients, with 0.7 ≤ p ≤ 1, re-
flecting the statistics of natural images. More sophisticated
approaches try and learn the filters and/or energy functions.
Zhu and Mumford [26] learn arbitrary energy functions for
a set of oriented derivative filters via Gibbs sampling in a
maximum likelihood approach. Roth and Black [21] intro-
duce the Fields of Experts model that employs student-T
potential functions and learn the filters using contrastive di-
vergence. Weiss and Freeman [23] propose a simpler learn-
ing scheme for the Fields of Experts model that allows the
efficient training of large filters. Raj and Zabih [20] propose

a discrete Markov random field based smoothness prior that
can efficiently be minimized using graph cuts.

While these models have been successfully used in tasks
such as denoising and optical flow estimation, their ap-
plication to blurry images is problematic. As noted by
Levin et al. [15] and Fergus et al. [4], somewhat counter-
intuitively, the above image models all favor blurry im-
ages to sharp images. In other words, blurry images have
lower cost (are more probable) than sharp images. This is
a direct result of the learned/chosen potential functions de-
creasing toward zero: since blur attenuates high frequen-
cies, the response of any derivative-type filter will also be
reduced and consequently will have a lower cost under the
model. This phenomenon is illustrated in Fig. 1, where we
show the cost (negative log probability) of a sharp image
blurred by different amounts. As a consequence, for blind
deconvolution, which is highly ill-posed and hence reliant
on the image prior, standard maximum a-posterori (MAP)
based approaches do not work. Correspondingly, a number
of more complex methods have been proposed. These in-
clude: marginalization over all possible images [4, 15, 17];
dynamic adaptation of the cost function [22]; alpha-matt ex-
traction [10]; re-weighting of the image edges [3]; determi-
nation of the edge locations using shock filtering [18].

In this paper we introduce a novel type of image regular-
ization that favors sharp images over blurry and show how
this prior can be used in a framework for blind deconvolu-
tion. Compared to other methods, our approach is very sim-
ple – it requires none of the complexities needed by other
methods to overcome shortcomings of existing priors in an
MAP setting. The resulting scheme is also quick since it
can take advantage of existing fast `1 methods to estimate
the kernel and sharp image.

2. Motivation

The regularization function we propose is the ratio of the
`1 norm to the `2 norm on the high frequencies of an image.
`1/`2 is an unusual function and its relevance to blind image
deconvolution is not immediately clear. We first motivate its
use in this setting, before explaining our method.

233



−10 −8 −6 −4 −2 0 2 4 6 8 10
0.2

0.4

0.6

0.8

1

1.2

Blur size (pixels)

Re
la

tiv
e 

co
st

 

 

L 0.5
L1
L2
L1/L2

Sharpened Blurred

Original

1.4

1.6

1.8

2

2.2

Figure 1. A comparison of our novel image regularizer to exist-
ing approaches. For a typical real world scene I (inset), we add
Gaussian blur b ranging from 0 to 11 pixels in size and measure
the cost: ‖(∇x(I ⊗ b))‖α + ‖(∇y(I ⊗ b))‖α where ∇x,∇y are
the x and y derivatives respectively. Existing image regularizers
use α = 0.5 (red), 1 (green), 2 (blue). Our image regularizer
‖[∇x(I⊗b),∇y(I⊗b)]‖1
‖[∇x(I⊗b),∇y(I⊗b)]‖2

is shown in magenta. The y-axis shows cost
relative to that of the sharp image. A negative blur size corre-
sponds to an unsharp mask filter. Note that the existing priors in-
correctly have a lower cost for blurry images than sharp ones. By
contrast, our regularizer correctly gives lowest cost to the original
image.

First consider the `1 norm. The `1 norm is widely used to
impose signal sparsity, but it is scale variant so the norm can
be minimized by simply reducing the signal. In an image
setting, the `1 norm is typically used to penalize the high
frequency bands. As image noise presents itself in these
bands, boosting their `1 norm, minimizing the norm is a
way of denoising the image. However, in the case of im-
age blur, the opposite situation holds since blur attenuates
the high frequency bands so reducing their `1 norm. Con-
sequently, in a blind deconvolution setting where the kernel
is only loosely constrained, minimizing the `1 norm on the
high frequencies of the image will result in a blurry image
(and a delta function kernel). This behavior, studied in [15],
is illustrated in Fig. 1.

The simplest interpretation of the `1/`2 function is that
it is a normalized version of `1 , making it scale invariant.
If applied to the high frequency bands of an image, it is
equivalent to the `1 norm of the edges rescaled by their total
energy. Although blur decreases both the `1 and `2 norms,
crucially the latter is reduced more, thus the ratio of the two
will be increased by blur (see the magenta curve in Fig. 1).

To understand why this is so, consider the visualiza-
tion of the `1/`2 function for a two dimensional signal in
Fig. 2. The minima lie along the axes with the cost in-
creasing smoothly in between. The high frequency bands
of natural scenes are typically sparse in that the magnitudes
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Figure 2. A visualization of `1 , `1/`2 and `0 functions (top row)
and their negative gradient fields (bottom row) for a two dimen-
sional vector (dark corresponds to a lower value). The l1 function
is smallest at the origin and the gradient field uniformly points to-
wards the origin. The `1/`2 function has minima along the axes,
with smoothly increasing cost in the diagonal directions. Its gradi-
ent field is purely radial: starting at arbitrary location the gradient
leads to the nearest axis, preserving distance from the origin. Note
that the minima structure of `1/`2 is very similar that `0 . How-
ever, the `0 norm is difficult to use, having zero gradient every-
where, except near the axes where it is infinite.

are mostly either zero or very small, but occasionally large.
If these bands are represented as a single high dimensional
vector, it would be close to the axes in many dimensions
and have a low `1/`2 value. Blur smears out the large mag-
nitude elements and reduces the number of zero elements
in the vector, so rotating it diagonally away from the axes,
increasing the `1/`2 value.

Given that the `1/`2 function behaves correctly for blur,
it is natural to wonder if added noise or sharpening opera-
tions might result in a lower cost than the true image. Noise
added to the signal increases the `1/`2 value, as do sharpen-
ing operations (see left side of Fig. 1).

Most of the energy in images is contained in the low and
mid frequency bands, which are barely affected by blur. As
a consequence, the `1/`2 function will not be changed sig-
nificantly if measuring the entire image (i.e. all frequency
bands). Instead, the `1/`2 function must be applied to just
the high frequency part of the image if it is to discriminate
between sharp and blurry images.

The `1/`2 function is one of a number of sparsity mea-
sures in the literature [9] but is relatively rare, being previ-
ously used for matrix factorization [8, 19]. In [9], different
sparsity measures are compared using 6 heuristic criteria
and the `1/`2 function satisfies all them.

Sparsity has a natural interpretation using an `0 measure.
However, `0 is difficult to optimize because of the lack of
gradient information everywhere. It is therefore convenient
to use a convex measure such as `1 instead [2]. But, as il-
lustrated in Fig. 2, `1 has a very different shape to `0 and it
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is also not scale invariant. The `1/`2 function, on the other
hand, is scale invariant and has minima along the axes, just
as `0 does. It also has the advantage of gradient informa-
tion which can be exploited to give a tractable optimization
algorithm.

The `1/`2 function does have several drawbacks. First,
it is non-convex, unlike `1 , thus there are multiple local-
minima. Second, it is hard to optimize directly but we in-
troduce approximate methods that can overcome this. Fi-
nally, it cannot be expressed as a probabilistic prior as∫
exp(−‖x‖1/‖x‖2)dx = ∞, due to the scale invariance.

This is in direct contrast to `p norms (0.7 ≤ p ≤ 1) which
correspond to probabilistic models of image gradients, hav-
ing a (hyper)-Laplacian form. However, since we intend to
use a non-probabilistic framework, it does not matter that
the energy surface is not normalized.

3. Approach
We assume the formation model of a sharp image u

blurred by a matrix K along with the addition of Gaussian
i.i.d noise N :

g = Ku+N (1)

We observe the resulting blurry image g and our goal is to
recover the unknown sharp image u and the blurring matrix
K. Algorithm 1 outlines our approach.

Algorithm 1 : Overall Algorithm
Require: Observed blurry image g, Maximum kernel size h.

Apply derivative filters to g, creating a high-freq. image y.
1. Blind estimation of blur matrix K (Section 3.1) from y.

Loop over coarse-to-fine levels:
Alternate:

- Update sharp high-frequency image x
(Section 3.1.1) using l1/l2 regularization.

- Update blurring matrix K (Section 3.1.2).
Interpolate solution to finer level as initialization.

2.Image recovery using non-blind algorithm of [12] (Sec-
tion 3.2).

- Deblur g using K to give sharp image u.
return Sharp image u.

In Section 3.1, we first consider the case when the blur is
spatially constant. In this case, the matrix K reduces to a 2-
dimensional convolution operation with a kernel k. We then
show how our algorithm can be extended to the case of pure
in-plane rotation in Section 3.4. Finally, we consider the
case of general 3-D rotations of the camera in Section 3.5.
The overall algorithm is implemented in a multiscale frame-
work, described in Section 3.1.3.

3.1. Blind Kernel Estimation

Our kernel estimation is performed on the high frequen-
cies of the image. Given the blurry and noisy input g, we

use discrete filters∇x = [1,−1] and∇y = [1,−1]T to gen-
erate a high-frequency version y = [∇xg,∇yg]1. The cost
function for spatially invariant blurring is:

min
x,k

λ‖x⊗ k − y‖22 +
‖x‖1
‖x‖2

+ ψ‖k‖1 (2)

subject to the contraints that k ≥ 0,
∑
i ki = 1. Here x

is the unknown sharp image in the high-frequency space, k
is the unknown blurring kernel (ki are individual elements)
and ⊗ is the 2D convolution operator.

Eqn. 2 consists of 3 terms. The first term is the like-
lihood that takes into account the formation model Eqn. 1.
The second term is the new l1/l2 regularizer on x which en-
courages scale-invariant sparsity in the reconstruction. To
reduce noise in the kernel, we add `1 regularization on k.
The constraints on k (sum-to-1 and non-negativity) follow
from the physical principles of blur formation. The scalar
weights λ and ψ control the relative strength of the kernel
and image regularization terms.

Eqn. 2 is highly nonconvex. The standard approach to
optimizing such a problem is to start with an initialization
on x and k, and then alternate between x and k updates [4].
To make consistent progress along each of the unknowns
and avoid local minima as far as possible, only a few itera-
tions are performed in each update.

3.1.1 x Update

The x sub-problem is given by:

min
x
λ‖x⊗ k − y‖22 +

‖x‖1
‖x‖2

(3)

This sub-problem is non-convex due to the presence of the
new regularization term ‖x‖1

‖x‖2
. However, if one fixes the

denominator of the regularizer from the previous iterate,
the problem then becomes a convex l1-regularized problem.
Fast algorithms to solve l1-regularized problems are well-
known in the compressed sensing literature [1, 25]. One
such algorithm is the iterative shrinkage-thresholding algo-
rithm (ISTA) [1]. ISTA, detailed in Algorithm 2, is a fast
method to solve general linear inverse problems of the form:

min
x
λ‖Kx− y‖22 + ‖x‖1 (4)

In our application K is the blurring matrix.
The operator S in Algorithm 2 is the soft shrinkage op-

eration on a vector. It shrinks each component of the input
vector towards zero:

Sα(x)i = max(|xi| − α, 0)sign(xi) (5)

ISTA is very simple and fast, involving only multiplications
of the matrix K with vector x, followed by the component-
wise shrinkage operation.

We use the ISTA step as the inner iteration in our x-
update algorithm. The outer loop then simply re-estimates

1y is a concatenation of the two gradient images ∇xg and ∇yg.
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Algorithm 2 : Iterative Shrinkage-Thresholding Algorithm
(ISTA)
Require: Operator K, regularization parameter λ
Require: Initial iterate x0, observed image y
Require: Threshold t, maximum iterations N

1: for j = 0 to N − 1 do
2: v = y − tKT (Kxj − y)
3: xj+1 = Stλ(v)
4: end for
5: return Output image xN

the weighting on the likelihood term in Eqn. 3 by updating
the denominator ‖x‖2. The overall x-update algorithm is as
follows:

Algorithm 3 : x Update
Require: Blur kernel k from previous k update
Require: Image x0 from previous x update
Require: Regularization parameter λ = 20
Require: Maximum outer iterations M = 2, inner its. N = 2
Require: ISTA threshold t = 0.001

1: for j = 0 to M − 1 do
2: λ′ = λ‖xj‖2
3: xj+1 = ISTA(k, λ′, xj , t, N)
4: end for
5: return Updated image xM .

Despite the non-convexity of the problem, in practice
this inner-outer iteration is effective in reducing the cost
function in Eqn. 3. After an x-update step, we update the
kernel estimate k.

3.1.2 k Update

The kernel update sub-problem is given by:
min
k
λ‖x⊗ k − y‖22 + ψ‖k‖1 (6)

subject to the constraints k ≥ 0,
∑
i ki = 1. We use un-

constrained iterative re-weighted least squares (IRLS) [13]
followed by a projection of the resulting k onto the con-
traints (setting negative elements to 0, and renormalizing).
During the iterations we run IRLS for just 1 iteration, with
the weights being computed from the kernel of the previous
k update. We solve the inner IRLS system to a low level of
accuracy, using a few (less than 5) conjugate gradient (CG)
iterations.

An important practical point is that after recovering the
kernel at the finest level, we threshold small elements of the
kernel to zero, thereby increasing robustness to noise. This
is similar to other blind deconvolution methods [4, 24].

3.1.3 Multiscale Implementation

For large kernels, an excessive number of x and k updates
may be required to converge to a reasonable solution. To

mitigate this problem, we perform multiscale estimation of
the kernel using a coarse-to-fine pyramid of image resolu-
tions, in a similar manner as in [4]. We use levels with a
size ratio of

√
2 between them (in each dimension). The

number of levels is determined by the size of the kernel K
such that the kernel size at the coarsest level is 3 × 3. We
downsample the input blurry image and then take discrete
gradients to form the input y each level.

At each scale level we perform 200 alternating updates
of x and k. Once a kernel estimate k and sharp gradient
image x are computed, they are upsampled to act as the
initialization of the kernel and sharp image at the next finer
level. All of the resizing operations are done using bilinear
interpolation.

3.2. Image Recovery

Once the kernel k for the finest level has been estimated,
we can use a variety of non-blind deconvolution methods
to recover the full-spectrum sharp image u from g. The
simplest is Richardson-Lucy (RL). The disadvantage of RL
is that this method is sensitive to a wrong kernel estimate,
which results in ringing artifacts in u. Therefore, we choose
to use the non-blind deconvolution method from [12], since
it is fast and robust to small kernel errors. This algorithm
uses a continuation method to solve the following cost func-
tion:

min
u
λ‖u⊗ k − g‖22 + ‖∇xg‖α + ‖∇yg‖α (7)

where ∇x and ∇y are the same derivative filters used in
Section 3.1. We use λ = 3000, α = 0.8 for all results.

We did not use the `1/`2 regularization term for the im-
age recovery. This is because the non-blind deconvolution
problem is much less ill-posed than blind deconvolution;
and lp-type regularizers such as those used in [12] work well
and are fast.

3.3. Speed and Robustness

Our cost function Eqn. 2 is of a simple form. The x and
k update steps involve a few matrix-vector (or convolution)
operations. As a result, our algorithm is quite fast as com-
pared to existing algorithms such as [4]. For a 255 × 255
pixel image, and when estimating a 35× 35 size kernel, our
algorithm takes 3 minutes, compared to 6 minutes for the
method of [4].2 Our method is amenable to speedups such
as GPU acceleration and the use of the Intel IPP libraries.

In our experiments, we find the algorithm to be robust to
the choice of parameters and use the same settings for all
results reported in this paper. The ψ parameter depends on
the user-specified kernel size h, according to the formula:
ψ = 3

13h. This robustness is a major advantage of our algo-
rithm over existing schemes that require parameter adjust-
ment for different input images. Empirically, we also find

2Using a single-threaded Matlab on a 2.66Ghz CPU.
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that in all our test cases, the function value in Eqn. 2 reduces
monotonically as the iterations proceed.

3.4. Extension to In-Plane Rotation

We extend the cost function of Eqn. 2 to the case where
the blurring process arises purely from rotation of the cam-
era around the Z-axis (axis perpendicular to the sensor
plane), thus is no longer spatially constant. Similar to the
non-uniform blurring model developed in [24], we assume
that the blurred image arises form a linear combination of
discretely sampled rotations of the sharp image:

g =
∑
θ∈ω

kθRθ(u) +N (8)

where ω is a discrete set of angles, and the operator Rθ(u)
rotates the image u by angle θ. For this formation model our
blur kernel is the vector k with entries kθ. The minimization
problem is then a modified version of Eqn. 2, given by:

min
x,k

λ‖
∑
θ∈ω

kθRθ(x)− y‖22 +
‖x‖1
‖x‖2

+ ψ‖k‖1 (9)

subject to the constraints that k ≥ 0 and
∑
θ∈ω kθ = 1. We

can now adopt exactly the same approach as for the spa-
tially invariant case, except replacing 2-dimensional convo-
lutional operations with sums of rotations.

3.5. Extension to 3-D Rotations

By extending the set of rotations ω to the X and Y axes,
our model can be generalized to the full non-uniform blur
model. It has been demonstrated in [24] that rotations of
the camera about X and Y cause more significant blur than
translations. Accordingly, we adopt the model proposed in
[24] that samples discretely from all 3 planes of rotation.
The final formation model and cost function formulation are
analogous to Eqn. 8 and Eqn. 9:

min
x,k

λ‖
∑

θxyz∈ω

kθRθxyz (x)− y‖22 +
‖x‖1
‖x‖2

+ ψ‖k‖1 (10)

where θxyz refers to a particular combination of rotations
around all 3 axes. ω is a set of discrete angles of rota-
tion about each axis. For spatially varying kernels arising
from camera rotations, the non-blind deconvolution algo-
rithm must be modified to take into account the different
formation model. We extend the non-blind deconvolution
algorithm of [12] accordingly.

Gupta et al. [6] present a blur formation model based
on in-plane rotations combined with translations. They also
use a set of discretized basis functions. By replacing the
basis functions Rθxyz

in Eqn. 10 with their basis functions,
we can support their model with our new regularizer. Fi-
nally, our regularization scheme fits into the efficient spa-
tially variant model of [7].

4. Experiments
In this section, we present results of our algorithm and

compare it to the algorithms of [4],[22] and [24]. We con-
sider spatially invariant, pure in-plane rotation and 3-D ro-
tational blurring models. We show results on both synthetic
and real-world examples. The images are best viewed on
screen.

4.1. Spatially Invariant Kernel

4.1.1 Synthetic Data

We first test the algorithm on the spatially invariant kernels
from the dataset in Levin et al. [15]. This dataset consists of
4 images of size 255×255 and 8 different kernels ranging in
size from 13×13 to 27×27 to give a total of 32 blurred im-
ages. The blurred data, ground truth data and ground truth
kernels are provided. We compare our kernel estimation
results with the blind deconvolution algorithms of Fergus
et al. [4] and Shan et al. [22]. For kernels estimated by the 3
different methods, we perform non-blind deconvolution us-
ing the algorithm of [12] with the same parameter settings.
The error metric used is the same as [15]3.

In Fig. 3, we plot the cumulative histograms of the error
ratios for the 3 algorithms. The performance of our algo-
rithm is similar to that of Fergus et al. [4]. Both these al-
gorithms significantly out perform that of Shan et al. [22].
Additionally, there are a few examples in the dataset (see
[16] for details) when the algorithm of [4] fails dramatically,
whereas our algorithm is still able to recover a reasonable
kernel. In addition, our algorithm is considerably simpler
and faster than that of [4].

  1   2   3   4   5 >=6
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Error Ratios

Pe
rc

en
ta

ge
s

 

 

Fergus

Ours

Shan

Figure 3. Cumulative histograms of the error ratios across the
dataset of Levin et al. [15]. See text for details.

Fig. 4 shows results with a kernel size 27×27. In Fig. 5,
we show a failure case for both [4] and [22]. By constrast,

3The measure is the ratio of SSD (sum of squared differences) error
between: (i) the deconvolved output and the known ground truth image
and (ii) deconvolved output using the ground truth kernel and the ground
truth image.
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Figure 4. Recovery of a 27 × 27 kernel. Top-left: original; top-
right: blurred; middle-left: deblurred with ground truth kernel;
middle-right: deblurred with our estimated kernel; bottom-left:
deblurred with kernel of [4]; bottom-right: deblurred with kernel
of [22]. Corresponding kernels are shown as insets at the bottom
left of each image.

our algorithm is able to recover a reasonable kernel. This
illustrates the robustness provided by our new l1/l2 regular-
ization function.

4.1.2 Real Data

Next we compare the performance of our algorithm on some
real-world examples presented in different blind deconvolu-
tion papers. As before, we use the different blind algorithms
to estimate the kernel and then use the same non-blind al-
gorithm (that of [12]) with identical parameter settings to
perform the deconvolution. Fig. 6 shows the kernel recov-
ery and reconstruction for an image provided in the online
code of Fergus et al. [4], along with their result. We also
compare with the result by running code provided to us by
Cho et al. [3]. The result of [3] shows artefacts, for ex-
ample, in the cheeks of the statue. Fig. 7 compares kernel
recovery and reconstruction of another image from [4]. Our
results were obtained using the same parameter settings as

Figure 5. Recovery of a 27 × 27 kernel. Top-left: original; top-
right: blurred; middle-left: deblurred with ground truth kernel;
middle-right: deblurred with our estimated kernel; bottom-left:
deblurred with kernel of [4]; bottom-right: deblurred with kernel
of [22].

for the synthetic data.

4.2. In-Plane Rotation

We now take a synthetic example presented in [24] of
pure in-plane rotation of the camera. We use the model of
Eqn. 8 to perform the kernel estimation. In this case, we use
only a single scale of processing (the finest scale) to speed
up the computation. The other settings such as the num-
ber of iterations, and regularization parameter λ remain un-
changed from the spatially invariant setting. We deblur the
image (with 2% noise added) with both our algorithm and
that of [24]. The results are shown in Fig. 8. The method
of [24] took over 3 hours for the entire processing, whereas
our method takes 10 minutes on the same CPU.

4.3. 3-D Rotation

In Fig. 10, we compare our kernel estimation on a real
world example given in [24]. The ground truth kernel is
unknown in this case. We use the model of Eqn. 10 with
the same discretized set of 3D rotation angles as used in the
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Figure 6. Recovery of a real-world kernel. Top-left: Input blurry
image; top-right: deblurred with kernel of [4]; bottom-left: de-
blurred with our estimated kernel; bottom-right: deblurred with
algorithm of [3]. Recovered kernels (of size 25 × 25) are shown
as insets.

online code of [24]. Our results are very similar to those of
[24]. In Fig. 9, we also use the same set of rotation angles
to deblur a cropped section of an image from [11].

5. Discussion

Our approach to blind deconvolution is motivated by a
fundamental re-analysis of the interaction between image
regularizers and the effects of blur on the high frequencies
in an image. The crucial component of our algorithm is the
introduction of a novel scale-invariant regularizer that com-
pensates for the attenuation of high frequencies and there-
fore greatly stabilizes the kernel estimation process. How-
ever, since this regularizer is non-convex, we introduce a
minimization scheme that amounts to solving a series of l1
problems with different regularization parameters. The re-
sulting algorithm is applicable to different models of blur
formation and is fast and robust to the choice of parameters.
Matlab code for our algorithm, images and supplementary
material are available at www.cs.nyu.edu/˜dilip/
wordpress/?page_id=159.

Figure 7. Recovery of a real-world kernel. Top-left: Input blurry
image; top-right: deblurred with kernel of [4]; bottom-left: de-
blurred with our estimated kernel; bottom-right: deblurred with
algorithm of [3]. Recovered kernels (of size 25 × 25) are shown
as insets.

Figure 8. In-plane rotational deblurring. Top-left: input sharp im-
age; top-right: blurry image with pure in-plane rotation; bottom-
left: deblurred with code of [24]; bottom-right: our deblurred re-
sult.
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