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ABSTRACT
In blind deblurring, the goal is to recover a latent sharp
image from its blurred version when the blur kernel is unknown. In this case, natural image priors often lead to intractable algorithms or failures if used with maximum a posteriori (MAP) estimation. Therefore, the ruling approach is to
start with estimating only the kernel, and then use it to recover
the latent image via non-blind deblurring. While many blind
deblurring works focus on the kernel estimation, we consider
the second phase, where we build on the recently proposed
Iterative Denoising and Backward Projections (IDBP) strategy. The proposed method uses an automatic parameters tuning mechanism, which can tune the parameters differently
for each kernel and image, contrary to other deblurring algorithms that are restricted to a uniform tuning in the blinddeblurring setting. We demonstrate the advantages of our
method over widely used deblurring algorithms.
Index Terms— Plug-and-Play, blind deblurring, image
denoising, parameter tuning
1. INTRODUCTION
We consider the uniform blind deblurring task, where the goal
is to reconstruct an image from its blurred version, obtained
by an unknown spatially invariant blur kernel. Many works
have studied this ill-posed problem in the recent years.
It has been observed that naive maximum a posteriori
(MAP) estimation, which jointly estimates the latent sharp
image and the kernel, tends to fail for many popular natural
image priors [1, 2], as it prefers a trivial no-blur solution, i.e.
the kernel is estimated as a delta function and the latent image
as the given blurred image. In order to tackle this behavior,
some works estimate the kernel alone from a marginalized
distribution (integrated over the latent image) [1, 3], and then
use the estimated kernel to recover the latent image via a
non-blind deblurring method. Other works avoid the no-blur
solution by ad-hoc strategies that strengthen dominant edges
in the estimated latent image. Such strategies include changing the amount of regularization between iterations [4, 5],
applying shock filter [6] or computing an edge map, which is
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used to refine the edges [7]. Another recent approach avoids
ad-hoc operations by exploiting an unnatural image prior
[8]. All of these methods produce an unnaturally looking
image with high-contrast structures, aimed only at facilitating
the kernel estimation. Therefore, they also require a final
non-blind deblurring step.
Interestingly, the work in [9] makes use of a sophisticated
natural image prior, which inherently avoids the MAP no-blur
solution. However, its implementation is simplified to reduce
the computational complexity. Presumably, this relaxation
leads to an unsatisfactory image recovery, that once again,
makes the use of a final non-blind deblurring step inevitable.
As described above, almost all relevant works basically
differ in their kernel estimation strategy, while having a similar final non-blind deblurring step. In this work, we consider this last step. We demonstrate the advantages of using a deblurring method that incorporates an automatic parameter tuning mechanism. Such a method can outperform
state-of-the-art algorithms, e.g. EPLL [10] and IDD-BM3D
[11], which are restricted to a uniform tuning in the blinddeblurring setting. We build on the recently proposed Iterative Denoising and Backward Projections (IDBP) strategy
[12], where we employ an automatic parameter tuning mechanism that can set parameters differently for each kernel and
image.
While in this paper we focus on image deblurring, IDBP
can solve general linear inverse problems using denoising algorithms, similar to the Plug-and-Play priors method [13, 14],
but without the burdensome manual parameter tuning of the
latter. The fact that the prior term being used by IDBP is determined by the chosen denoiser, allows us to compare IDBP
with popular deblurring algorithms that use the same prior.
For example, IDBP with a plugged-in BM3D denoiser [15]
uses the same image prior as IDD-BM3D, and IDBP with a
plugged-in EPLL denoiser [10] uses the same image prior as
EPLL deblurring.
Lastly, we note that there are other works that consider
automatic parameter selection in inverse problems. However,
in these works the prior term is restricted to certain types of
penalty functions, e.g. Tikhonov regularization [16, 17, 18]
or smoothed versions of the `p (1 < p < 2) norm [19, 20].
As far as we know, the literature does not offer similar tuning mechanism for sophisticated image priors like EPLL and

BM3D. In contrast, the IDBP tuning considerations do not depend on the prior, which is specified by the chosen denoiser.
2. IDBP METHOD
For completeness, we briefly describe the image restoration
problem addressed by IDBP, and the algorithm in its general
form1 . Later, we specialize it to the deblurring problem, and
provide an automatic parameter tuning mechanism, which is
suitable to the case of inexact blur kernel.
Many image restoration tasks can be formulated by
y = Hx + e,

(1)

where x ∈ Rn represents the unknown original image, y ∈
Rm represents the observations, H is a known m×n degradation matrix and e ∈ Rm is a vector of i.i.d. Gaussian random
variables ei ∼ N (0, σe2 ). This model can represent different
image restoration problems; for example: denoising when H
is the n × n identity matrix In , inpainting when H is a selection of m rows of In , and deblurring when H is a blurring
operator. Note that H is ill-conditioned in the case of image
deblurring, thus, in practice it can be approximated by a rankdeficient matrix, or alternatively by a full rank m × n matrix
(m < n). For a unified formulation, it is assumed that m < n.
Similar to almost any approach for recovering x, we define the following typical cost function
f (x̃) =

1
ky − H x̃k22 + s(x̃),
2σe2

(2)

where k · k2 stands for the Euclidean norm, and s(x) is a prior
image model. Next, we reformulate (2) as
1
kH(H † y − x̃)k22 + s(x̃)
2σe2
1
kH † y − x̃k2H T H + s(x̃),
=
2σe2

f (x̃) =

(3)

give some degrees of freedom to ỹ by using the constraint
H ỹ = y instead of ỹ = H † y. Next, we prevent large
components of ỹ in the null space of H (that may strongly
disagree with the prior s(x̃)), by replacing the multiplication by σ12 H T H in the fidelity term with multiplication by
e
1
I
, where δ is a design parameter. This leads to the
2
n
(σe +δ)
following optimization problem
min
x̃,ỹ

1
kỹ − x̃k22 + s(x̃) s.t. H ỹ = y.
2(σe + δ)2

Note that δ introduces a tradeoff. On the one hand, too
large value of δ may over-reduce the effect of the fidelity
term. On the other hand, too small value of (σe + δ)2 may
over-penalize x̃ unless it is very close to the affine subspace
{HRn = y}. This limits the effective feasible set of x̃ in
problem (7), such that it may not include potential solutions
of the original problem (6). Therefore, we suggest setting the
value of δ as
δ = argmin (σe + δ̃)2
s.t.

1
1
kH † y − x̃k2H T H ≥
kỹ − x̃k22 ∀ x̃, ỹ ∈ S
σe2
˜2
(σe + δ)

where S denotes the feasible set of problem (7). Note that the
feasibility of x̃ is dictated by s(x̃) and the feasibility of ỹ is
dictated by the constraint in (7).
The δ that minimizes (8) implies that σ12 kH † y−x̃k2H T H ≈
e
1
2
(σe +δ)2 kỹ − x̃k2 for feasible x̃ and ỹ. Using this property
with the fact that ỹ = H † y is one of the solutions of the
underdetermined system H ỹ = y, prevents increasing the
penalty on potential solutions of the original optimization
problem (6). Therefore, roughly speaking, we do not lose
solutions when we solve (7) instead of (6) with δ from (8).
The IDBP algorithm uses alternating minimization to
solve (7). Iteratively, x̃k is estimated by solving
x̃

H † , H T (HH T )−1 ,

(4)

kuk2H T H , uT H T Hu.

(5)

Note that H † is the pseudoinverse of the full row rank matrix
H, and kukH T H is not a real norm, since H T H is not a
positive definite matrix in our case.
The optimization problem minf (x̃) can be equivalently
x̃

written with a degenerate constraint
min
x̃,ỹ

1
kỹ − x̃k2H T H + s(x̃) s.t. ỹ = H † y.
2σe2

(6)

Now, the basic idea is to loose the variable ỹ in a restricted
manner, which can facilitate the estimation of x. First, we
1 Additional
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(8)

δ̃

x̃k = argmin

where

(7)

1
kỹk−1 − x̃k22 + s(x̃),
2(σe + δ)2

(9)

and ỹk is estimated by projecting x̃k onto {HRn = y}
ỹk = argmin kỹ − x̃k k22 s.t. H ỹ = y
ỹ

= H † y + (In − H † H)x̃k .

(10)

The variable ỹk is expected to be closer to the true signal
x than the raw observations y. Thus, IDBP alternates between estimating the signal and using this estimation in order to obtain improved measurements that still comply with
y. Note that (9) describes obtaining x̃k using a white Gaussian denoiser with noise variance of σ 2 = (σe + δ)2 , applied on the image ỹk−1 . Thus, it can be written compactly
as x̃k = D(ỹk−1 ; σ), where D(·; σ) is a denoising operator.
Therefore, similar to the P&P approach [13], IDBP does not
require explicitly specifying the prior function s(x). Instead,
s(x) is implicitly defined by the choice of D(·; σ).

2.1. Setting the value of the parameter δ
In practice, it is not clear how to obtain such δ that solves (8).
Therefore, in order to relax the condition in (8), which should
be satisfied by all x̃ and ỹ in S, we can focus only on the
sequences {x̃k } and {ỹk } generated by the proposed alternating minimization process. Then, we can use the following
proposition, which is proved in [12].
Proposition 1. Set δ = δ̃. If there exist an iteration k of IDBP
that violates the following condition
1
1
kH † (y − H x̃k )k22 ,
ky − H x̃k k22 ≥
σe2
(σe + δ̃)2

(11)

then δ = δ̃ also violates the condition in (8).
Note that (11) can be easily evaluated for each iteration.
Thus, violation of (8) can be spotted by violation of (11), and
used for stopping the process, increasing δ and running the
algorithm again. The opposite direction does not hold. Even
when (11) is satisfied for all iterations, it does not guarantee
satisfying (8). However, the relaxed condition (11) provides
an easy way to set δ with an approximation to the solution of
(8), which gives good empirical results [12].
2.2. The deblurring case
In the (non-blind) deblurring problem, for a circular shiftinvariant blur operator whose kernel is h, IDBP can be efficiently implemented using Fast Fourier Transform (FFT).
Recall that in this case H is an ill-conditioned n × n matrix.
Therefore, H † is replaced with a regularized inversion of H,
using standard Tikhonov regularization, which is given in the
Fourier domain by
g̃ ,

F ∗ {h}
,
|F{h}|2 +  · σe2

(12)

where  is a parameter that controls the amount of regularization in the approximation of H † , and F{·} denotes the FFT
operator. Then, (10) can be computed by
n 
o
ỹk = F −1 g̃ F{y} − F {h}F{x̃k } + x̃k .
(13)
For an exact blur kernel, it was observed (see Fig. 3 in
[12]) that pairs of (δ, ) that give the best results indeed satisfy
condition (11) for all iterations, while pairs of (δ, ) that lead
to bad results often violate this condition at early iteration.
Note that if the division of the LHS of (11) by its RHS is less
than 1, even for a single iteration, it means that the original
condition in (8) is violated by the associated (δ, ). However,
since the opposite direction does not hold, a small confidence
margin (e.g. 3) on the ratio should be kept.
The above observations led to the auto-tuned IDBP (Algorithm 3 in [12]), where δ is fixed and  is automatically

tuned. Starting with a small value of , the ratio LHS/RHS
of (11) is evaluated at the end of each IDBP iteration (except the first one, which strongly depends on the initial ỹ0 ).
If the ratio is smaller than a threshold τ , then  is slightly
increased and IDBP is restarted. Auto-tuned IDBP, with
plugged-in BM3D denoiser, has shown competitiveness with
IDD-BM3D, whose parameters are manually optimized per
different kernel.
In this work, we examine the use of the auto-tuned IDBP
as a final step in the blind deblurring task, where h is unknown, and only its estimate is available. First, we observe
that a stable convergence requires a larger confidence margin, presumably due to the uncertainty in the kernel. While
this increase obviously depends on the quality of the kernel
estimation, in this work we use a fixed τ = 9 for the examined kernel estimation methods [5, 9]. Second, we observe
that while for a known h the LHS/RHS ratio is similar for
almost all iterations, for an estimated kernel the ratio significantly grows between iterations. This can be interpreted as
increasing the regularization too much, and results in loss of
fine details. Thus, we slightly modify the auto-tuning scheme:
if the LHS/RHS ratio is above τ + 1 then we decrease δ by a
factor Πδ close to 1. The modified scheme is presented in Algorithm 1. We note that we have not encountered any restart
due to decreasing δ using the default Πδ . The discussed behavior and the efficiency of the modification are demonstrated
in Fig. 1.
Algorithm 1: Auto-tuned IDBP for deblurring with inexact kernel
Input: h, y, σe , denoising operator D(·; σ), stopping
criterion. y ≈ x ∗ h + e, such that
e ∼ N (0, σe2 In ) and x is an unknown signal
whose prior model is specified by D(·; σ).
Output: x̂ an estimate for x.
Params.: ỹ0 = some initialization, k = 0, δ =
moderate value,  = small initial value,
∆ = small increment, Πδ = decreasing
factor close to 1, τ = confidence margin.
Default init.: ỹ0 = y, δ = 5,  =10e-3, ∆=1e-3,
Πδ = 0.92, τ = 9.
while stopping criterion not met do
k = k + 1;
x̃k = D(ỹk−1 ; σe + δ);
Compute ỹk using (13) (note that g̃ depends on );
if k > 1 and LHS/RHS of (11) < τ then
 =  + ∆;
Restart process: k = 0;
else if LHS/RHS of (11) > τ + 1 then
δ = δ · Πδ ;
end
x̂ = x̃k ;
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Fig. 1: Auto-tuned IDBP (with EPLL denoiser) for image 1
and kernel 3 from [2] for confidence margin τ ={3, 9} and
h ={ground truth, estimated by [9]}: (a) PSNR vs. iteration
number; (b) LHS / RHS of (11) vs. iteration number.

Fig. 2: From left to right: blurry image and estimated kernel,
EPLL recovery, and IDBP-BM3D recovery.

Table 1: Average PSNR [dB] for different kernel estimation
and non-blind deblurring methods for the dataset of [2].
EPLL

IDD-BM.

IDBP-EPLL

IDBP-BM3D

Kernel [5]

27.47

26.98

27.50

27.43

Kernel [9]

28.53

27.16

28.94

28.87

3. EXPERIMENTS
We compare the performance of Algorithm 1 (with the default
setting) to the state-of-the-art deblurring methods EPLL [10]
and IDD-BM3D [11]. For Algorithm 1, we use BM3D and
EPLL denoisers, and denote the resulting methods by IDBPBM3D and IDBP-EPLL, respectively. The stopping criterion
for both IDBP versions is 15 iterations. Two methods [5, 9]
are used to obtain 31 × 31 kernel estimations. In all cases,
we use the Matlab code supplied by the authors. Contrary to
EPLL’s implementation that uses a uniform parameter setting,
IDD-BM3D has different settings for each scenario in [11].
Since in blind deblurring the kernel is unknown, we use only
the tuning of Scenario 52 in [11], which seems to give the best
results in general. Similar to [7, 9], all evaluations are done
using the center portion, hence we discard 15 pixels from each
border of the ground truth image. Also, since the blur kernel
can only be recovered up to a global translation, we align the
deblurred image with the ground-truth image using a fast subpixel rigid translation [21] before computing the error.
The average PSNR results for the natural blurred images
dataset of [2] are shown in Table 1. We note that all methods
use noise level σe = 2/255.3 Note the small performance gap
between the two IDBP versions. Also, we remark that IDBPBM3D is faster due to the fast implementation of the BM3D
denoiser.
Figures 2 and 3 visually compare the results of EPLL and
IDBP-BM3D for two colored natural blurry images (due to
2 This scenario assumes a Gaussian blur with spatial standard deviation of
1.6 and noise level of σe = 2/255.
3 This is approximately the standard deviation of the residual images, obtained by the ground truth images and kernels.

Fig. 3: From left to right: blurry image and estimated kernel,
EPLL recovery, and IDBP-BM3D recovery.
space limitation, only fragments of the images are presented).
We use the kernel estimation of [5], with zeroing of elements
bellow 0.15 of the maximal value. This slight modification
improves the kernel estimation, and hence the results for all
methods. While EPLL is performed on each RGB channel
separately, IDBP-BM3D is implemented efficiently using a
fast colored version of the BM3D denoiser [22] (we note that
condition (11) is evaluated for the grayscale version). In Fig.
2 it can be seen that EPLL has more artifacts than IDBPBM3D (e.g. at the chin). In Fig. 3, IDBP-BM3D result looks
sharper (e.g. notice the paving-stones).
4. CONCLUSION
We considered the widely used approach for blind deblurring, which requires a final non-blind deblurring step. We
showed that implementing this last step using the IDBP
method, equipped with a suitable automatic parameter tuning
mechanism, can improve the performance compared to other
deblurring algorithms, which are restricted to a uniform tuning in the blind-deblurring setting. Especially, IDBP-BM3D
seems to be a good and fast BM3D-based alternative to EPLL,
which is currently used more often in the considered setting
[7, 9]. Future work may combine the proposed approach
with iterative kernel estimation, in which the estimated kernel
is improved using the deblurred image, or a new kernel is
estimated for the deblurred image, as done in [23].
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