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Abstract

Blind image deblurring is the process of recovering a
sharp image from a blurred one without prior knowledge
about the blur kernel. It is a small data problem, since
the key challenge lies in estimating the unknown degrees of
blur from a single image or limited data, instead of learning
from large datasets. The solution depends heavily on devel-
oping algorithms that effectively model the image degrada-
tion process. We introduce a method that leverages a prior
which targets the blur kernel to achieve effective deblur-
ring across a wide range of image types. In our extensive
empirical analysis, our algorithm achieves results that are
competitive with the state-of-the-art blind image deblurring
algorithms, and it offers up to two times faster inference,
making it a highly efficient solution.1

1. Introduction
Blind image deblurring aims to recover a sharp image I

from a blurred image B without knowing the blur kernel k.
Mathematically, the blurred image B is modeled as:

B = I ⊗ k + η

where ⊗ denotes convolution and η represents noise.
The task is to estimate both I and k from B. This is for-
mulated as an optimization problem:

min
I,k
∥B − I ⊗ k∥2 + λR(I, k)

where ∥ · ∥2 measures the difference between the ob-
served and predicted images, R(I, k) is a regularization
term to enforce constraints, and λ is a regularization pa-
rameter. The goal is to recover both I and k by balancing
data fidelity and regularization.

Blind image deblurring addresses a fundamental chal-
lenge in image processing: restoring clarity from blurred
images when the exact nature of the blur is unknown. The

algorithmic approach generalizes the image deblurring pro-
cess, helping data-driven methods perform better.

A common approach in blind image deblurring is the
maximum a posteriori (MAP) framework, where the latent
image and the blur kernel are alternately optimized. Vari-
ous heuristics involving the latent image, the kernel, or both
have been developed in this framework [3, 10, 20, 23, 32,
35, 48]. This results in new priors that produce effective
outcomes. These methods often target specific types of im-
ages, as they rely on image properties that aid optimiza-
tion [32]. Additionally, the computation of some priors can
be resource-intensive [4,33], which can affect the overall ef-
ficiency of deblurring techniques. While these approaches
demonstrate promising results in their respective domains,
their performance can deteriorate when applied to broader
image categories, leading to inconsistent outcomes in some
cases.

Mao et al. [28] show that applying a specific sequence of
operations—removing negative frequencies from a blurry
image, reconstructing it in the spatial domain, and sub-
tracting half of the original image—yields an implicit blur
kernel representation. This process helps in understanding
the blur’s direction and intensity. Building on this insight,
we discovered that, when applied to a sharp image, this
sequence results in a null kernel, characterized by signifi-
cantly fewer non-zero elements compared to any blur ker-
nel’s implicit representation.

Our thorough empirical analysis demonstrates that the
L0 norm obtained after applying this sequence of operations
to a blurry image consistently exceeds that of its sharp coun-
terpart. Leveraging this property, we incorporated it into our
optimization model, leading to a highly efficient algorithm.
The linear nature of our calculation allows our algorithm to
be up to two times faster than popular blind image deblur-
ring methods, while still delivering competitive results in
terms of PSNR, SSIM, and error ratio.

Our main contributions are summarized as follows:

1. We propose a new prior, the ReLU Sparsity prior,
1The source code will be available in the authors’ Github profile.
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Figure 1. Results of our blind image deblurring algorithm, compared with other state-of-the-art algorithms. From left to right: 1) Input
blurry image, followed by results from 2) Chen et al. [4] 3) Wen et al. [42] 4) Pan et al. [32], 5) Pan et al. [33] and 6) our algorithm.

which allows us to obtain faithful information about
the blur kernel regardless of the nature of the image,
while simultaneously applying optimization tech-
niques based on the change in sparsity that occurs due
to convolution. Fig. 1 shows an example of deblurred
output from our algorithm.

2. Our algorithm achieves competitive performance
based on the PSNR, SSIM, and error ratio metrics
when compared with the state-of-the-art blind im-
age deblurring algorithms [9, 10, 20, 33–35, 44] while
achieving significantly lower inference time on high-
resolution images when compared using images from
benchmark datasets [18, 22, 38].

In the following sections, we begin by discussing related
works pertinent to our study, followed by a detailed expla-
nation of our proposed prior and the empirical evidence sup-
porting the generalizability of the novel property. We then
present our experimental results, starting with quantitative
analysis and concluding with qualitative evaluations.

2. Related Works

Due to the joint estimation of the blur kernel and the
latent sharp image from the input blurry image, single-
image deblurring is an under-constrained problem, which
is typically formulated in MAP frameworks [27]. Initial
advances relied on statistical priors and salient edge detec-
tion [9,10,20,23,35,44,48], although the existence of strong
edges in latent images is not guaranteed.

Different image priors and likelihood estimations have
been proposed to improve the efficiency of MAP frame-
works. Such regularizations or assumptions about the blur
kernel or the latent image include L0 regularised prior
[32, 47], dark channel prior [33], extreme channel prior
[49], patch prior [26], local binary pattern prior [51], la-
tent structure prior [2], learned image prior [24], uniform
blur [22, 48], non-uniform blur with multiple homogra-
phies [14, 30], local maximum difference prior [25], inter-
nal patch recurrence [29], Laplacian prior [7], tri-segment
intensity prior [50], graph-based image prior [1], constant
depth [11, 45], in-plane rotation [37], and forward motion

[52]. Fergus et al. [10] use variational Bayesian inference
to learn an image gradient prior. Levin et al. [22] show
that this method can avoid trivial solutions that naive MAP-
based methods can possibly be unable to.

Sparsity priors have been shown to be useful in kernel
estimation in MAP frameworks. Krishnan et al. [20] em-
ployed a normalized sparsity prior in their MAP framework
for kernel estimation. Xu and Jia [44] introduced a two-
phase technique for single-image deblurring. First, they es-
timated the blur kernel using edge selections and ISD opti-
mizations. This was followed by non-blind deconvolution
with total variation and an added Gaussian prior [9, 16].

Some comparatively newer approaches designed for
domain-specific deblurring, such as low-illumination [13],
text [6, 8, 32] and face [31] images utilize inherent statisti-
cal characteristics of their domains. Chen et al. [4] propose
the local maximum gradient (LMG) prior, which utilizes the
diminishing of the maximum value of a local patch during
the blurring process. Wen et al. [42] propose the patch-wise
minimum pixel (PMP) prior, which is built on the fact that
the local minimal pixel would have a higher value in inten-
sity after the blurring process due to the smoothing effect on
the image pixels of the process itself. Both these priors use
non-linear optimization schemes in MAP frameworks and
perform well on both natural and specific images.

3. FFT-ReLU Sparsity Prior
In this section, we discuss the sparsity property of ap-

plying RFT operation and develop the FFT-ReLU Sparsity
prior to formulate an objective function, in order to estimate
the latent sharp image and blur kernel.

3.1. Sparsity and RFT

Sparsity: To describe our work, we begin by discussing
the effect of convolution on the sparsity of images. In stan-
dard deblurring models, blurry images are denoted as the
convolution of the sharp image and a blur kernel. Essen-
tially, the expression can be written as:

B(x, y) =

k−1∑
i=0

k−1∑
j=0

S(x+ i, y + j) ·K(i, j) (1)
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Here, (x, y) denotes the pixel location, and the blur kernel
K has a size of k× k. S and B are the sharp image and the
blurry image, respectively.

Since the output of convolution essentially represents a
locally weighted linear combination of the input, it is essen-
tially less sparse (meaning it has more nonzero elements,
due to the multiplicative and additive properties of convo-
lution) than the input. Therefore, a blurry image has fewer
pixels which are very low in brightness (i.e. it has more
nonzero elements), compared to the corresponding sharp
image.

RFT: As introduced by Mao et al. [28], RFT is defined
as a function that computes the following for an image:

1. Computes the FFT of the input blurry image
2. Applies the ReLU activation function on it
3. Computes the inverse FFT
4. Subtracts half of the image from the result

Formally, we can describe RFT as:

RFT (I) = F−1(ReLU(F(I)))− 1

2
I (2)

Mao et al. show that faithful information about the blur pat-
tern, such as the direction and the level of blur, can be dis-
covered by applying this sequence of operations. We ob-
serve that applying RFT to a sharp image results in fewer
non-zero elements than its blurry counterpart, which pro-
vides us with the opportunity to penalize the nonzero results
from RFT since those indicate the presence of blur.

We apply the RFT operations on the images from var-
ious datasets, including one provided by Sun et al. [38],
datasets of text images [36], low-light images [41], face im-
ages [15] and observe the values of the L0 norm to empiri-
cally substantiate our observation in Fig. 2. Since only Sun
et al. provided blurry images with their corresponding sharp
pairs, we generated blurry images from the provided sharp
images for the other datasets by using blur kernels provided
by Chen et al. [5] randomly. We can see the change in L0
norm in blurry images from its sharp counterpart when RFT
operation is applied to both of them in Fig. 2.

3.2. Model and Optimization

Adding RFT (I) to standard formulations of image de-
blurring, we express our objective function as follows:

min
I,k
||I⊗K−B||22+α||k||22+β||∇I||0+λ||RFT (I)||0 (3)

Here, the first term ensures that the given blurred image and
the convolution of the estimated latent image and blur ker-
nels are as similar as possible. The second term applies
regularisation on the kernel. The third term retains large
gradients and discards smaller ones [32, 48]. α, β and λ are
penalty parameters. From Eq. (3), we solve alternately for

the I and k using coordinate descent using following equa-
tions respectively:

min
I
∥I ⊗ k −B∥22 + β||∇I||0 + λ||RFT (I)||0 (4)

min
k
∥I ⊗ k −B∥22 + α∥k∥22 (5)

Our algorithm can be partitioned into blind deconvolution
and non-blind deconvolution segments. In blind deconvolu-
tion, the computation of the latent image and the blur kernel
is done without an exact PSF by using priors or heuristics.
The non-blind deconvolution removes the ringing artifacts
that can appear from blind deconvolution.

3.3. Blind Deconvolution

The purpose of blind deconvolution is to estimate the
sharp image I and the blur kernel k from the input image
B.

Estimating I: The non-linear RFT function and L0 reg-
ularisation make the minimization of Eq. (4) challenging in
terms of computation. Half-quadratic splitting methods [46]
are used to handle L0 minimization. We split the gradients
into g = (gx, gy) for gradients across x and y-axis, and in-
troduce auxiliary variable h for RFT (I). Rewriting Eq. (4),
we now have:

min
I,h,g
||I ⊗ k−B||22 + γ||∇I − g||22 + β||RFT (I)− h||22

+ µ||g||0 + λ||h||0 (6)

where γ and β are penalty parameters. Solutions for in-
dividual variables (I, u, or g) can be calculated when the
others are held constant. In order to use Eq. (6) in Algo-
rithm 1 to estimate the latent sharp image, we transform this
in the frequency domain and reach a closed-form solution in
Eq. (8), Eq. (9), and Eq. (10).

In order to solve for the nonlinear RFT (I), we observe
that a linear operator F can be used as a substitute when
applied to the I in vector form i.e. for the latent image, FI
= RFT(I). To compute the values of F , we use gradient
descent with Adam optimizer [17]. Using repeated recon-
struction, we iteratively compute F from the previous esti-
mation of I . We look at all images from TextOCR dataset
[36], LOL dataset [41], and LFW dataset [15] and observe
that FI closely approximates RFT(I) and converges rea-
sonably within 100 steps in Figure Fig. 3.

Given F, we can solve for I from:

min
I
||TkI− B||22 + γ||∇I− g||22 + β||FI− h||22 (7)

where Tk is a Toeplitz matrix of k, which is multiplied with
vectors using FFT [39]. B, g and u are denoted in their vec-
tor forms, respectively. The closed-form solution for I can
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Figure 2. Decreased Sparsity in Blurry Images after RFT, as demonstrated in images from Sun et al. [38], TextOCR dataset, [36] LOL
dataset, [41] and LFW dataset [15].

be derived as follows:

I =
TT
k B + γ∇T g + βFT h

TT
k Tk + γ∇T∇+ βFT F

= F−1(
F(K)F(B) + γF(∇)F(g) + βF(F)F(h)
F(K)F(K) + γF(∇)F(∇) + βF(F)F(F)

)

(8)
The detailed derivation of this solution is presented in the
supplementary material. Given I, we can solve for h from:

min
h

β||RFT (I)− h||22 + λ||h||0 (9)

and for g from:

min
g

γ||∇I − g||22 + µ||g||0 (10)

using element-wise minimization. The solution for h can be

written as:

h =

{
RFT (I), |RFT (I)|2 ≥ λ

β :

0, otherwise
(11)

The solution for g can also be written in a similar manner,
using element-wise minimization techniques.

Estimating k: Eq. (5) is a least squares problem when
I is given. Due to the proven accuracy of gradient-based
methods for estimating kernels in [9, 23, 48], k is computed
from:

min
k
||∇I ⊗ k −∇B||22 + α||k||22 (12)

FFTs are used for solving Eq. (12), using techniques men-
tioned in [9,32,48]. The negative elements of the kernel are
set to zero and the obtained kernel is normalized.
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Figure 3. Using gradient descent, FI and RFT(I) converge reason-
ably within 100 steps.

Algorithm 1: Blind Deconvolution
Input : B: Blurry Image
Output: I: Latent Image (Intermediate), k: Blur

Kernel

1 k ←initialised from coarse resolution
2 scale← computed according to k

3 for i = 0 to max scale do
4 Bintermediate ← downsample(B, scale)
5 for j = 0 to max iter do
6 I ← solution of Equation (6)
7 k ← solution of Equation (5)
8 k ← remove isolated noise(k)
9 k ← adjust psf center(k)

10 end
11 k ← estimate psf(k, scale)
12 scale← scale+ 1

13 end

14 return I, k

This blind deconvolution algorithm estimates the latent
image I and the blur kernel k, which is necessary for ob-
taining the latent image. Initially, the kernel k is initial-
ized to the coarsest resolution (Line 1). Line 2 determines
the scale according to the current kernel size. The algo-
rithm iteratively increases the scale. For each scale within
a loop, the blurry image B is down-sampled to the current
scale in Line 4. We iterate a predetermined number of times
within this setting to refine the estimation of I using Equa-
tion (6) in Line 6, and k using Equation (5) in Line 7. Iso-

lated noises are removed by deleting connected components
within the kernel that do not exceed a specified threshold
(Line 8). The kernel is centered after the noise removal in
Line 9. the kernel is then up-sampled with the current scale
in Line 11. All down-sampling and up-sampling are done
using bi-linear interpolation.

3.4. Non-blind Deconvolution

Algorithm 2: Non-blind Deconvolution
Input : I: Intermediate Latent Image, K:

Intermediate Blur Kernel
Output: I: Intermediate Latent Image with Ringing

Artifacts Removed

1 for i = 0 to num channels do
2 Ic ← laplacian prior estimation(IchannelI )
3 I1 ← concatenate(I1, Ic)
4 end
5 I2 ← solution for I using equation Eq. (4)
6 diff ← I1 − I2
7 I result← I1− bilateral filter(diff)

8 return I result

For non-blind deconvolution, methods based on Lapla-
cian priors [19] tend to be effective in preserving fine spa-
tial details. We estimate an image I1 with such priors in
Line 2 and Line 3. Then, we use the L0 norm of the gra-
dient from our equation Eq. (4) to estimate another latent
image I2 in Line 5, since gradient-based methods have been
shown to provide accurate results in suppressing ringing ar-
tifacts. Similar to ringing suppression methods discussed
in [35], we compute a difference map between these two
estimated images in Line 6. We use bilateral filtering on the
computed difference map and subtract the result from I1
in Line 7, thereby smoothing out artifacts and completing
non-blind deconvolution.

4. Experiment
In this section, we discuss the parameter settings, quanti-

tative results on datasets [18, 22], and qualitative results on
images from different distributions.

4.1. Empirical Setting

The parameters λ, µ and α are assigned values 3 ×
10−4, 0.004 and 2, respectively. We compared the conver-
gence of the algorithm for various values of these parame-
ters with respect to kernel similarity (defined as SSIM be-
tween the estimated kernel and ground-truth kernel), and
a more detailed analysis of this is provided in the supple-
mentary material. The value of max iter is set to be 5 as
a trade-off between timing and precision. The non-blind
deconvolution techniques mentioned by Pan et al. [32] are
followed. We provide a Python codebase for blind image
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deblurring on single images. In order to ensure fairness
in comparisons with pre-existing algorithms that were not
implemented using Python, we avoided using GPU accel-
eration. However, since the previous works on blind im-
age deblurring were implemented primarily on MATLAB,
the translation to Python offers the opportunity for GPU ac-
cess in the future as well as extension with deep learning
methodologies.

4.2. Quantitative Results

In this section, we evaluate our proposed algorithm
with the state-of-the-art algorithms based on the metrics of
PSNR, SSIM [40], and error ratio. Datasets from Köhler et
al. [18] and Levin et al. [22] are widely-used benchmarks,
and are used for evaluating our work against other blind im-
age deblurring algorithms.
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Figure 4. PSNR comparison for Köhler et al. dataset

PSNR on Köhler et al. dataset: There are a total
of 32 images. For each of the 4 images and 8 kernels,

there are 199 corresponding ground truth images for com-
puting PSNR. We calculated the results of our algorithm
for all of these images and plotted the average for each
of the 4 images and also for the average of the 4 im-
ages against other statistical deblurring algorithms from
[9, 10, 12, 20, 33, 35, 43, 48] in Fig. 4a. We also presented
a comparison of PSNR results when our prior is used ver-
sus when it is not used in Fig. 4b.

Levin et al. dataset: This dataset also contains 4 images
and 8 kernels each. The images are grayscale and have di-
mensions of 255×255. We compare our PSNR, SSIM, error
ratio, and inference times with the works in [4,9,33,34,42].

PSNR SSIM Error ratio
Average inference

time (seconds)

[33] 27.54 0.8626 1.2076 109.6088
[34] 28.38 0.925 0.8776 15.0949
[42] 26.1235 0.83637 1.48 18.61
[4] 26.48693 0.8515 1.01234 65.2

Ours 28.34 0.887 1.78 8.057

Table 1. Comparison on Levin et al. dataset

In Tab. 1, we show that our method achieves the best
inference time while performing competitively in terms of
PSNR, SSIM, and inference time.

Inference Time Comparison: We compare our work
with [33] and [34] in this section, using datasets from Levin
et al. [22], Köhler et al. [18] and Sun et al. [38], respec-
tively. We report the inference times along with the image
dimensions in the table below.

Algorithm Inference Time (seconds)

255× 255 800× 800 1024× 800

Pan et al. [33] 109.609 1550.932 2280.716
Pan et al. [34] 15.095 210.981 269.872
Wen et al. [42] 18.61 54.416 66.134
Chen et al. [4] 65.2 755.43 794.186
Ours 8.057 39.5764 55.72

Table 2. Inference Times of Algorithms on Images of Different
Dimensions

Our approach achieves significant speed gains: nearly
two times lower compared to [34], as presented in Tab. 2.

4.3. Visual Results

In this section, we present the results of our algorithm
on blurry images from different domains, which we com-
pare with other state-of-the-art blind image deblurring al-
gorithms. The images are taken from datasets provided by
Lai et al. [21], Levin et al. [22] and Köhler et al. [18].
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Figure 5. Results of our blind image deblurring algorithm, compared with other state-of-the-art algorithms. From left to right: 1) Input
blurry image, followed by results from 2) Chen et al. [4] 3) Wen et al. [42] 4) Pan et al. [32], 5) Pan et al. [33] and 6) our algorithm.
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Figure 6. More results of our blind image deblurring algorithm, compared with other state-of-the-art algorithms. From left to right: 1)
Input blurry image, followed by results from 2) Chen et al. [4] 3) Wen et al. [42] 4) Pan et al. [32], 5) Pan et al. [33] and 6) our algorithm.

We observe that our algorithm provides competitive re-
sults in terms of visual appeal, as well as qualitative mea-
sures mentioned in the previous section, for images irre-
spective of the distribution or domain they are taken from.

5. Conclusions and Remarks
In this paper, we propose a new prior for blind image

deblurring based on observations made on the effects of
convolution on the sparsity of an image. We made use of
Fourier transforms in order to obtain the frequency com-
ponents in order to separate the negative phase(s), which
enabled us to obtain the blur kernel implicitly through in-
formation on blur level and blur direction. The ReLU Spar-
sity prior can be used to penalize a higher L0 norm, which
is an indicator of the blurriness of an image. For the non-
convex optimization problem, we use half-quadratic split-
ting strategies. Our algorithm provides competitive perfor-
mance on qualitative metrics such as PSNR, SSIM, and er-
ror ratio while providing up to two times lower inference
times than the established state-of-the-art blind deblurring

algorithms.
Future work: We plan to explore the integration of

our algorithm’s rapid inference and portable framework
with deep learning architectures to further enhance de-
blurring evaluations. Additionally, we aim to develop
alternative mathematical strategies to reduce the com-
putational demands associated with gradient descent in
RFT image computation. Another area of focus will
be leveraging inherent image attributes such as satura-
tion, intensity, and illumination to optimize the estima-
tion of multiple kernels, thereby improving the recovery of
the latent image without compromising processing speed.
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