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Abstract
Most of the existing single-image blind deblurring methods are tailored for natural images. However, in many important
applications (e.g., document analysis, forensics), the image being recovered belongs to a specific class (e.g., text, faces, fin-
gerprints) or contains two or more classes. To deal with these images, we propose a class-adapted blind deblurring framework,
based on the plug-and-play scheme, which allows forward models of imaging systems to be combined with state-of-the-art
denoisers. We consider three patch-based denoisers, two suitable for images that belong to a specific class and a general
purpose one. Additionally, for images with two or more classes, we propose two approaches: a direct one, and one that uses
a patch classification step before denoising. The proposed deblurring framework includes two priors on the blurring filter: a
sparsity-inducing prior, suitable for motion blur and a weak prior, for a variety of filters. The results show the state-of-the-art
performance of the proposed framework when applied to images that belong to a specific class (text, face, fingerprints), or
contain two classes (text and face). For images with two classes, we show that the deblurring performance is improved by
using the classification step. For these images, we choose to test one instance of the proposed framework suitable for text
and faces, which is a natural test ground for the proposed framework. With the proper (dictionary and/or classifier) learning
procedure, the framework can be adapted to other problems. For text images, we show that, in most cases, the proposed
deblurring framework improves OCR accuracy.
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1 Introduction

Blind image deblurring (BID) is an inverse problem where
an observed image is usually modeled as resulting from the
convolution with a blurring filter, often followed by addi-
tive noise, and the goal is to estimate both the blurring
filter and the underlying sharp image. As there is an infi-
nite number of solutions, the problem is severely ill-posed.
Furthermore, since the convolution operator is itself typi-
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cally ill-conditioned, the problem is sensitive to inaccurate
blurring filter estimates and the presence of noise.

The single-image blind deblurring problem has been
widely investigated in recent years, mostly considering
generic natural images [13,18,23–25,37,41]. To deal with
the ill-posed nature of BID, most methods use priors on
both the blurring filter and the sharp image. Much of the
success of the state-of-the-art algorithms can be ascribed to
the use of image priors that exploit the statistics of natural
images [13,18,23,25,31,41] and/or are based on restoration
of salient edges [5,42,48,49]. Previous research in natural
image statistics has shown that images of real-world scenes
obey heavy-tailed distributions in their gradients [18,19].
However, in many applications, the image being recovered
belongs to some specific class (e.g., text, faces, fingerprints,
medical structures) or contains two ormore classes (e.g., doc-
ument images that contain text and faces). For these types of
images, which in some cases do not follow the heavy-tailed
gradient statistics of natural images (e.g., text [12]), meth-
ods that use priors capturing the properties of a specific class
of images are more likely to provide better results (e.g., text
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[12,26,36], or face images [32,35]). Furthermore, images that
belong to different specific classes may have different char-
acteristics that are challenging to capture with a unique prior.
For instance, text and face images have completely different
structures, namely sharp transitions in text versus smooth and
textured areas in faces. For images that contain two or more
classes, we should consider a prior which is appropriate for
all existing classes present in those images.

We propose a method that uses patch-based image priors
learned off-line from sets of clean images of specific classes
of interest. The proposed priors can be learned from a set that
contains just one class (e.g., text) or from twoormore sets that
contain different classes (e.g., text and faces). The method
is based on the so-called plug-and-play approach, recently
introduced in [46], which allows forward models of imag-
ing systems to be combined with state-of-the-art denoising
methods. In particular, we use denoisers based on Gaussian
mixturemodels (GMM)or dictionaries, learned frompatches
of clean images from specific classes. These types of denois-
ers can be used for images that contain only one class, as
presented in [27], or two or more classes [28].

In addition to a class-specific image prior, we consider
different priors on the blurring filter. Earlier methods typi-
cally impose constraint for the, arguably, most relevant type
of genericmotion blurs using sparsity priors [10,13,18,20,41,
47]. To impose sparsity, in this work, we use the �1-norm, to
tackle motion blur. Furthermore, previous works have shown
that good results can be obtained by using weak priors (lim-
ited support) on the blurring filter [5,27]. The same prior is
used here, next to the �1-norm, for a variety of blurring filters.

Finally, we should clarify the motivation behind consid-
ering images that contain two classes (e.g., identification
cards and magazines). Concerning how realistic motion (or
out-of-focus) blur scenarios are, when acquiring images of
identification cards (or other documents), it suffices to think
of the very common current practice of photographing doc-
uments with a handheld mobile phone camera. Unlike a
desktop scanner or fixed-camera-based document acquisi-
tion system, a handheld mobile phone camera, nowadays so
commonly used to photograph all sorts of documents for
personal use, may yield poorly focused images, especially
in low-light situations. Consequently, this type of scenario is
realistic and worthy of consideration. Nevertheless, the main
goal of our work is to introduce the modular framework itself
that provides different possibilities according to the problem
at hand.

1.1 Related work and contributions

Although most state-of-the-art BID methods are tailored
to natural images, recent years have witnessed significant
advances in class-specific single-image deblurring, mostly
considering just one class of interest. Text image deblur-

ring has attracted considerable attention, mostly due to its
wide range of applications [12,29,36]. For example, for
document images, Chen et al. [11] propose a new prior
based on the image intensity instead of the widely used
heavy-tailed gradient prior of natural scenes; nevertheless,
the proposed black-and-white document image deblurring
method is limited in that it cannot handle images with com-
plex backgrounds. Cho et al. develop amethod to incorporate
the specific properties of text images (i.e., a sharp con-
trast between text and background, uniform gradient within
text, and background gradient following natural image statis-
tics) for BID [12]. The performance of the method strongly
depends on the accuracy of the stroke width transform
(SWT), which classifies the image into text and non-text
regions. Pan et al. propose a �0 regularizer based on intensity
and gradient, for text image deblurring [36]; the proposed
method can also be effectively applied to non-document text
images and low-illumination scenes with saturated regions.
The same authors go beyond text images by proposing a
method suitable for both text and natural images [38]. Both
methods [36] and [38] show limited performance when deal-
ing with text images corrupted with strong and/or unknown
noise. Recently, with the development of deep neural net-
works, new methods arise for solving BID of text images
[22].

In numerous applications, images contain human faces.
Although, faces belong to the class of natural images, they
can also be considered as a part of a specific class due to their
specific structure. In this case, there is not much texture in the
blurred image, and thus, methods that rely on an implicit or
explicit restoration of salient edges for kernel estimation are
less effective as only a few edges can be used. For face image
deblurring, a few methods have been proposed with the goal
of increasing the performance of face recognition algorithms
[32,51]. Zhang et al. [51] propose a joint image restoration
and recognition method, based on a sparse representation
prior suitable only for simple motion blurs. Recently, HaCo-
hen et al. [21] propose a deblurring method with exemplars,
reference images with the same content as the input images.
That approach, although giving state-of-the-art results, can
be used in a limited number of applications, depending on
an available image dataset. Pan et al. [35] use a similar
approach, but do not require the exemplars to be similar to
the input. The blurred face image can be of a different person
and have a different background compared to any exemplar
images.

Instead of focusing only on one class of images, a few
recent methods exploit class-specific image priors suitable
for different image classes for various restoration tasks.
Niknejad et al. introduce a new image denoising method, tai-
lored to specific classes of images, for Gaussian and Poisson
noise, based on an importance sampling approach [33,34].
Similarly, in [8], Anwar et al. use an external database of

123



Plug-and-play approach to class-adapted blind image deblurring 81

images that belong to the specific class to extract the set
of “support patches” used in the restoration process. Remez
et al. approach class-aware image denoising by using deep
neural networks [39]; they first perform image classifica-
tion to classify images into classes, followed by denoising.
Teodoro et al. propose using a Gaussian mixture model as
a class-specific patch-based prior, for solving two image
inverse problems, namely non-blind deblurring and com-
pressive imaging [45]. In prior work, we have shown that
class-specific GMM-based image prior can be used for BID
[27]. That approach allows handling situations where the
image being processed contains regions of different classes,
as done by Teodoro et al. for denoising and non-blind deblur-
ring [44]. Additionally, we show that a similar framework
with a dictionary-based prior can be used for BID when mul-
tiple classes are present in the same image [28]. Anwar et al.
exploit the potential of class-specific image priors for recov-
ering spatial frequencies attenuated by the blurring process,
by capturing the Fourier magnitude spectrum of an image
class across all frequency bands [7] and that method achieves
state-of-the-art results for images that belong to some spe-
cific classes (e.g., faces, animals, common objects), but there
is no straightforward extension of the method for images that
contain two or more classes.

As mentioned above, in [27], we introduced the class-
adapted blind deblurring method based on the plug-and-play
approach and GMM-based denoiser. That method is suitable
for images that belong to a specific class (text, faces, or finger-
prints) and a variety of blurring filters. Furthermore, in [28],
we show how the previous method can be extended to tackle
images that contain two classes and introduce different class-
specific denoisers based on dictionaries trained from a clean
image set. This paper combines and significantly extends the
previous work reported in [27] and [28]. Namely, we intro-
duce the patch classification step, yielding a simultaneous
segmentation/deblurring method, which exploits the synergy
between these two tasks: by identifying the most likely type
of contents of each patch, the most adequate denoiser is used
at that location, while a better deblurred image facilitates seg-
mentation. Additionally, the experimental results reported in
this paper considerably exceed those reported in [27] and
[28].

In this work, we present a method based on the plug-
and-play framework [46], which has two central features:
(i) simplified and modular algorithmic integration and (ii)
possibility of using state-of-the-art denoising methods that
are not explicitly formulated as optimization problems. Fur-
thermore, the proposed method handles images that belong
to a specific class (e.g., text, faces, fingerprints), but also
images that contain two or more image classes with sig-
nificantly different structures (e.g., text and faces). We also
show that by using a classification step, the results can be
slightly improved. The approach may be seen as simultane-

ously performing segmentation and restoration, representing
a step forward toward overcoming the gap between image
restoration and analysis. As one of the steps of the proposed
algorithm is a strong denoiser, the proposed method can han-
dle images of a certain class (e.g., text) corrupted with high
noise levels. In addition, with a weak prior on the blurring fil-
ter, the proposed method can be used for a variety of blurring
filters.

The main contributions of the proposed work can be sum-
marized as follows:

(1) The modular BID framework itself. One of the reasons
behind the modularity of the proposed framework is
the use of the alternating direction method of multi-
pliers (ADMM), an optimization algorithm that will be
explained in more detail below.

(2) The proposed framework can be used for different image
classes having different properties. It is able to handle
challenging text images, with a narrow space between
letters or corrupted with large blurs. We show how class-
aware denoisers yield better results when compared with
generic ones.

(3) It can be easily extended for images that contain two (or
more) classes that have a different structure. We show
how the classification step can be inserted into the frame-
work, thus improving the results and representing a way
of combining image restoration and analysis. Addition-
ally, to the best of our knowledge, this is the first paper
to deal with blind deblurring of images that contain two
classes.

(4) The method is able to tackle text images corrupted with
strong Gaussian noise or with unknown noise (non-
Gaussian) present in some real blurred images.

1.2 Outline

In Sect. 2, we briefly introduce the observation model. Sec-
tions 2.1 and 2.2 review the alternating direction method
of multipliers (ADMM) and the plug-and-play framework.
After presenting the necessary building blocks, Sect. 3 intro-
duces our approach to class-adapted BID for images with
one or more specific classes. The experimental evaluation of
our method is reported in Sect. 4, and Sect. 5 concludes the
manuscript.

2 Observationmodel

Weassume the standard linear observationmodel, formulated
as

y = Hx + n, (1)
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where y ∈ R
n is a vector containing all the pixels (lexico-

graphically ordered) of the observed image, H ∈ R
n×n is a

matrix representing the convolution of a vectorized unknown
original image x ∈ R

n with an unknown blur operator h, fol-
lowed by additive noise n, assumed to be Gaussian, with zero
mean and known variance σ 2.

The image x and the blur operator H (equivalently, the
blurring filter h) are estimated by solving the optimization
problem with cost function

Oλ,γ (x,h) = 1

2
||y − Hx||22 + λΦ(x) + γΨ (h), (2)

where the function Φ embodies the prior used to promote
characteristics that the original sharp image is assumed to
have and the function Ψ represents the prior on the blurring
filter. Regularization parameters, λ ≥ 0 and γ ≥ 0, control
the trade-off between the data-fidelity term and the regular-
izers.

As (2) is a non-convex objective function, one way to
tackle it is by alternating estimation of the underlying image
and the blurring filter [4,5], as shown in Algorithm 1. Both
steps in Algorithm 1 (lines 3 and 4) are performed by using
the alternating direction method of multipliers (ADMM) [5].

Algorithm 1 Generic BID Algorithm

1: Initialization: Set x̂ = y, ĥ as the identity filter, λ ≥ 0, and γ ≥ 0
2: repeat
3: x̂ = argmin

x
Oλ,γ (x, ĥ)

4: ĥ = argmin
h

Oλ,γ (x̂,h)

5: until stopping criterion is satisfied

2.1 ADMM

As discussed in the previous section, to estimate both the
image and the blurring filter, we use the ADMM algorithm,
which we now briefly review. Consider the following uncon-
strained optimization problem,

min
z

f1(z) + f2(z). (3)

Variable splitting is a simple procedure where a new variable
v is introduced as the argument of f2, under the constraint
z = v, i.e., the problem is written as

min
z,v

f1(z) + f2(v) subject to z = v. (4)

The rationale is that it may be easier to solve the constrained
problem (4) than its equivalent unconstrained counterpart

(3). One of the ways to tackle (4) is by forming the so-called
augmented Lagrangian

Lρ(z, v,d) = f1(z)+ f2(v)+dT (z− v)+ ρ

2
||z− v||22, (5)

and applying ADMM [9], which consists of alternating min-
imization of (5) with respect to z and v and updating the
vector of Lagrange multipliers d; in (5), ρ ≥ 0 represents
the penalty parameter. In summary, the steps of ADMM are
as shown in Algorithm 2.

Algorithm 2 ADMM
1: Initialization: Set k = 0, ρ > 0, initialize v0 and d0
2: repeat
3: zk+1 ← argmin

z
f1(z) + ρ

2 ||z − (vk + dk)||22
4: vk+1 ← argmin

v

ρ
2 ||(zk+1 − dk) − v||22 + f2(v)

5: dk+1 ← dk − (zk+1 − vk+1)

6: k ← k + 1
7: until stopping criterion is satisfied

Recalling that the proximity operator (PO) of a convex
function g, computed at p, is defined as [14]

proxg(p) = argmin
x

1

2
||x − p||22 + g(x), (6)

it is clear that in Algorithm 2, lines 3 and 4 are the PO of
functions f1 and f2, computed at vk + dk and zk+1 − dk ,
respectively. Furthermore, a PO can be interpreted as a
denoising operation, with its argument as the noisy obser-
vation and g as the regularizer.

2.2 Plug-and-play

As shown above, line 4 of Algorithm 2 can be seen as the
solution to a denoising problem, suggesting that instead of
using the PO of a convex regularizer, we can use a state-
of-the-art denoiser. This approach, known as plug-and-play
(PnP), was recently introduced [46]. In this work, instead of
using standard denoisers, such asBM3D [16] orK-SVD [17],
we consider patch-based class-adapted denoisers tailored to
images that contain one or more specific classes (e.g., text,
faces, fingerprints).

2.3 GMM-based denoiser

In recent years, it has been shown that state-of-the-art denois-
ing results can be achieved by methods that use probabilistic
patch models based on Gaussian mixtures [50,52]. Zoran
et al. show that clean image patches are well modeled by
a Gaussian mixture model (GMM) estimated from a col-
lection of clean images using the expectation-maximization
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(EM) algorithm [52]. Furthermore, for a GMM-based prior,
the corresponding minimum mean squared error (MMSE)
estimate can be obtained in closed form [43].

If we consider that x in (1) denotes one of the image
patches andH = I (where I is the identitymatrix), theMMSE
estimate of x is well known to be the posterior expectation,

x̂ = E(x|y) =
∫

x
pY |X (y|x)pX (x)

pY (y)
dx. (7)

In (7), pY |X (y|x) = N (y; x, σ 2I) represents a Gaussian den-
sity, with mean x and covariance matrix σ 2I, and pX (x) is a
prior density on the clean patch.

A GMM has the form

pX (x|θ) =
K∑
i=1

ωi N (x;μi ,Ci ), (8)

where μi and Ci are the mean and covariance of the i−th
component, respectively, ωi is its weight (ωi ≥ 0 and∑K

i=1 ωi = 1), and θ = {μi ,Ci , ωi , i = 1, . . . , K }. GMM
priors have the important feature that the MMSE estimate
under Gaussian noise has a simple closed form expression

x̂ =
n∑

i=1

ξi (y)νi (y), (9)

where

ξi (y) = ωi N (y;μi ,Ci + σ 2I)∑K
j=1 ω j N (y;μ j ,C j + σ 2I)

, (10)

and

νi (y) =
(
C−1
i + 1

σ 2 I
)−1 (

C−1
i μi + 1

σ 2 y
)

. (11)

We use the above-mentioned facts to obtain aGMM-based
prior learned from a set of clean images that belong to a
specific class. The rationale behind this approach is that the
class-adapted image prior may achieve better performance
than a fixed, generic denoiser, when processing images that
do belong to that specific class (e.g., text, faces, fingerprints).

2.4 Dictionary-based denoiser

Several patch-based image denoising methods work by find-
ing a sparse representation of the image patches in a learned
dictionary [3,17,30,40].

As in the previous section, if we consider the linear model
in (1) with H = I, we have a denoising problem. Further-
more, x ∈ R

n is constructed from image patches of size

√
n × √

n pixels, ordered as column vectors and a dictio-
nary D ∈ R

n×k (usually with k ≥ n), assumed to be known
and fixed. A dictionary-based denoising model suggests that
every patch, x, can be described by a sparse linear combina-
tion of dictionary atoms (columns of D), i.e., as the solution
of

α̂ = argmin
α

||α||0 subject to Dα ≈ x. (12)

The so-called l0-norm stands for the count of nonzero ele-
ments in α.

The dictionary D can be learned (and/or updated) from
an observed image itself, but it can also be learned from a
set of clean images [3]. Similarly, like for Gaussian mix-
tures, instead of learning a dictionary from a set of clean
generic images, we learn it from a set that contains clean
images of a specific class. Furthermore, we can learn differ-
ent dictionaries from sets that contain two or more image
classes. After learning the dictionaries, we can combine
them to tackle images that contain two or more image
classes.

2.5 Standard denoisers

In order to avoid learning, one may choose to use a standard
general purpose denoiser instead of class-specific denois-
ers. BM3D is a state-of-the-art denoising method based on
collaborative filtering in 3D transform domain, combining
sliding-window transform processing with block-matching
[16]. The method is based on non-local similarity of image
patches and thus can be used for any image that contains this
structure.

3 Proposedmethod

In the proposed method, the image estimation problem in
line 3 of Algorithm 1 is solved by using the PnP-ADMM
algorithm described in the previous sections.

3.1 Image estimation

The image estimation problem (line 3 of Algorithm 1) can
be formulated as

x̂ = argmin
x

1

2
||y − H x||22 + λΦ(x). (13)

Furthermore, this problem can be written in the form (3) by
setting f1(x) = 1

2 ||y−H x||22 and f2(x) = λΦ(x). The steps
of the ADMM algorithm applied to problem (13) are then
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xk+1 ← argmin
x

1

2
||y − H x||22 + ρ

2
||x − (vk − dk)||22

vk+1 ← argmin
v

ρ

2
||(xk+1 − dk) − v)||22 + λΦ(v)

d ← dk+1 − (xk+1 − vk+1).

(14)

The first step of ADMM in (14) is a quadratic optimization
problem, which has a linear solution:

xk+1 ← (HTH + ρI)−1(HT y + ρ(vk + dk)). (15)

The matrix inversion in (15) can be efficiently computed in
the discrete Fourier transform (DFT) domain in the case of
cyclic deblurring, which we consider in this paper (for more
information, see [1,2,5] and references therein). The second
step is, as explained above, the PO of function Φ computed
at (xk+1 − dk) and is replaced with one of the denoisers
described above, following the PnP framework.

3.2 Blur estimation

The blur estimation problem (line 4 of Algorithm 1) can be
formulated as

ĥ = argmin
h

1

2
||y − Xh||22 + γΨ (h), (16)

where h ∈ R
n is the vector containing the blurring filter

elements (lexicographically ordered) and X ∈ R
n×n is the

matrix representing the convolution of the image x and the
filter h. As explained for image estimation, the problem can
be written in the form (3) by setting f1(h) = 1

2 ||y − Xh||22
and f2(h) = γΨ (h), leading to the following steps in the
ADMM algorithm:

hk+1 ← argmin
h

1

2
||y − Xh||22 + ρ

2
||h − (vk − dk)||22

vk+1 ← argmin
v

ρ

2
||(hk+1 − dk) − v)||22 + γΨ (v)

d ← dk+1 − (hk+1 − vk+1).

(17)

The first step in (17) has the same form as (15),

hk+1 ← (XTX + ρI)−1(XT y + ρ(vk − dk)), (18)

and, as previously explained, thematrix inversion can be effi-
ciently computed in the DFT domain, using the fast Fourier
transform (FFT). The second step in (17) depends on the
choice of the regularizer. In this work, we use two types
of regularizer on the blurring filter, which will be briefly
explained next.

Fig. 1 Example of various blurring filters representing Gaussian, linear
motion, out-of-focus, uniform, and nonlinear motion blur, respectively

3.2.1 Positivity and support

To cover a wide variety of blurring filters that have different
characteristics (examples shown in Fig. 1),we simply assume
the prior on the blur to be the indicator function Ψ (h) =
1S+(h), where S+ is the set of filters with positive entries on
a given support, that is,

1S+(u) =
{
0 if u ∈ S+

∞ if u /∈ S+.
(19)

The rationale behind using a weak prior on the blurring
filter is to cover a variety of filters with different characteris-
tics. For example, a motion blur is sparse and as such can be
described by a sparsity-inducing prior, but the same does not
hold for out-of-focus or uniform blurs. To handle these vari-
ability, in this work we use a weak prior that covers common
characteristics (positivity and limited support) of different
types of blurring filters.

By introducing a weak constraint, which is an indicator
function, the value of the regularization parameter γ becomes
irrelevant, and the second step of ADMM (17) becomes

vk+1 = argmin
v

ρ

2
||(hk+1 − dk) − v)||22 + 1S+(v). (20)

Problem (20) corresponds to the orthogonal projection on
S+,

vk+1 = prox1S+ (u) = PS+(u),withu = (hk+1 − dk), (21)

which simply consists of setting zero to any negative entries
and those outside the given support.

3.2.2 Sparsity-inducing prior

Generic motion blurs, which have a sparse support, can
be tackled by encouraging sparsity using Ψ (h) = γ ||h||1,
where ||.||1 denotes the �1-norm. Examples of motion blur
filters, from a benchmark dataset [25], are shown in Fig. 2.

The second step of the ADMM algorithm in (17), in this
case, becomes

vk+1 = argmin
v

ρ

2
||(hk+1 − dk) − v)||22 + γ ||h||1, (22)
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Fig. 2 Motion blur filters from the benchmark image dataset proposed
by Levin et al. [25]

and corresponds to a soft-thresholding [1], e.g.,

vk+1 = soft γ
ρ
(hk+1 − dk). (23)

3.3 Two or more image classes

Additionally, in this work, we also consider images that con-
tain two or more classes (e.g., document images that contain
text and face), which can have completely different char-
acteristics. For example, face images do not contain many
strong edges and text images have specific structure due to
the contents of interest being mainly in two tones. To tackle
this problem, in the proposed BID framework, we use two
approaches to perform dictionary-based denoising, which
will be explained next.

3.3.1 Direct approach

To tackle a problem where we have two (or more) classes
in an image, we can learn dictionaries from sets that contain
images of these two (or more) different classes and then con-
catenate them. If we have two dictionaries learned from two
classes (e.g., text and face), D1 ∈ R

m×k1 and D2 ∈ R
m×k2 ,

where m represents size of vectorized image patch, and k1
and k2, number of dictionary atoms (columns), a resulting
dictionary, D ∈ R

m×(k1+k2), will contain atoms that cor-
respond to image patches from these two classes (e.g., a
resulting dictionary will contain both text and face patches).
To perform dictionary-based denoising, instead of using a
dictionary trained from images of a single class, we use the
resulting dictionary which combines images from two (or
more) classes. Figure 3 shows parts of text and face dictio-
naries with noticeable differences between them.

To make it clearer, Fig. 4 illustrate the so-called direct
approach to a dictionary-based denoising.

3.3.2 Patch classification

Instead of using the direct approach explained above to
deal with images that contain regions from different classes,

Fig. 3 Parts of learned dictionaries (100 atoms) from sets containing
clean face and text images

we introduced a classification step before the patch-based
denoising step. In the proposed procedure, each patch is first
classified into one of the classes and then denoised with the
corresponding dictionary.

Classification of image patches can be seen as performing
a segmentation task, where we classify regions in the image
that contain different classes (Fig. 5). Notice that image seg-
mentation is not the main goal of the proposed method, and
instead, it is a step that can boost the performance of BID.

To classify the patches, we consider two popular classifi-
cation approaches:

– Each patch is classified using the k-nearest neighbors
(kNN) classifier [6],which is a simple classical procedure
where every patch is classified by a majority vote of its
neighbors, with the patch being assigned to the classmost
common among its k-nearest neighbors.

– The second classifier tested in this work is a support vec-
tor machine (SVM) [15].

Both classification approaches mentioned above require a
learning phase, which we perform using clean image patches
fromknownclasses.1 Figure 6 illustrates the denoising part of
the proposed frameworkwith the classification step included.
Note that instead of using dictionary-based denoising, we
may choose GMM-based denoising. Again, for the direct
approach, a new mixture can be formed from two (or more)
class-adapted GMMs. In this work, we choose dictionary-
based denoising simply because it is easier to implement.

4 Experiments and results

In all the experiments, we used the following settings for the
two ADMM algorithms to perform image and blur estima-
tion: (i) The image estimate is computed with 20 iterations,

1 The classifier learningprocess is performedusing theMatlabToolbox:
Classification Learner.

123
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Fig. 4 Direct approach to dictionary-based denoising

Fig. 5 BID with a classification step performed on the image that con-
tains text (black regions in the segmented image) and a face (white
regions in the segmented image)

initialized with the estimate from the previous iteration,
d0 = 0, and λ hand-tuned for the best visual results or best
ISNR (improvement in SNR [5]: ISNR = 10log10(||x −
y||2/||x − x̂||2)) on synthetic data; (ii) the blur estimate
is obtained with 4 iterations, when using the weak prior
(explained in Sect. 3.2.1), and 10 iterations, when using the
sparsity prior (explained in Sect. 3.2.2), initialized with the
blur estimate from the previous iteration,d0 = 0, and γ (with
the �1 regularizer) hand-tuned for the best results. Default
values of regularization parameters are set to λ = 0.08 (with
ρ = λ for the image estimate ADMM) and γ = 0.05 (with
ρ = 0.01 for the blur estimate ADMM).2

Furthermore, we use three different datasets to perform
the experiments and to train the GMMs and/or dictionaries:

– a dataset with 10 text images, available from Luo et al.
[29] (one for testing and nine for training),

– a dataset with 100 face images from the same source as
the text dataset (10 for testing and 90 for training),

– a datasetwith 128 fingerprints from the publicly available
UPEK database.

The GMM-based prior is obtained by using patches of size
6 × 6 pixels and a 20-component mixture. The dictionary-
based prior is obtained by using the same size patches and the
number of dictionary atoms is set to 1000, with 15 iterations

2 Matlab demo code: https://github.com/mljubenovic/Class-adapted-
BID.

of the K-SVD algorithm. In all the experiments, the number
of outer iterations is set to 100.

We compare our results with several state-of-the-art meth-
ods for natural images:Almeida et al. [5];Krishnan et al. [23];
Xu et al. [48]; Xu et al. [49]; Pan et al. [37]. Almeida et al.
tackle the realistic case of blind deblurring with unknown
boundary conditions by using edge detectors to preserve
important edges in the image. Krishnan et al. [23] use image
regularization (ratio of the l1-norm to the l2-norm on the high
frequencies of an image) that favors sharp images over blurry
ones. Xu et al. [48,49] propose l0-based sparse representa-
tion of an intermediate image used to estimate the blurring
kernel.3 Pan et al. [37] use the fact that a dark channel (small-
est values in a local neighborhood) of blurred images is less
sparse. Additionally, we compare our results with the follow-
ing methods tailored for text images: Cho et al. [12] and Pan
et al. [36]. Cho et al. [12] rely on specific properties of text
images. Pan et al. [36] use an l0-based prior on the intensity
and gradient for text image deblurring. Note that these text
deblurring methods are not designed for images corrupted
with strong or unknown noise.

We use several instances of the proposed framework:
PlugBM3D refers to the proposed algorithmwith the generic
denoiser explained in Sect. 2.5; PlugGMM uses the class-
specific GMM-based denoiser (Sect. 2.3); PlugDictionary
uses a class-specific dictionary-based denoiser (Sect. 2.4)
suitable for images that contain one or two classes. We will
mention when PlugDictionary is used with the classification
step.

4.1 Results: one class

For images that contain one class (e.g., text, faces, finger-
prints), we performed several experiments with different
types of blurs and different noise levels. To show that the
proposed method can be used for various types of blurring
filters, we created 10 test images containing text and faces

3 Results of Xu et al. [48,49] obtained by using Robust Deblurring
software available from the authors’webpage.Note that software related
with the work proposed in [49] does not give the estimated kernel as
output.
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Fig. 6 Dictionary-based denoising with a classification step

Table 1 ISNR values (in dB) obtained by four algorithms: Almeida et al. [5], Krishnan et al. [23], PlugBM3D, and PlugGMM

Blur type BSNR (dB) TEXT FACE

Generic [5] Generic [23] PlugBM3D PlugGMM Generic [5] Generic [23] PlugBM3D PlugGMM

Gaussian 30 0.78 1.62 7.23 8.88 1.78 0.33 5.88 6.01

Linear motion 30 0.86 0.12 8.68 8.99 0.47 − 0.75 5.36 5.47

Out-of-focus 30 0.46 − 0.65 8.19 9.40 1.51 − 1.96 4.98 5.32

Uniform 30 0.79 − 0.45 8.94 11.48 0.11 − 0.20 3.66 3.56

Nonlinear motion 30 0.59 0.94 13.08 16.44 1.09 0.11 4.44 4.65

Gaussian 40 1.04 1.70 10.22 10.34 4.31 0.55 6.64 7.10

Linear motion 40 1.37 0.77 10.36 13.07 1.81 0.12 4.86 7.75

Out-of-focus 40 0.71 − 0.10 14.64 17.75 2.86 − 1.75 6.78 8.95

Uniform 40 0.98 − 0.50 15.63 12.99 0.85 − 1.06 8.50 7.07

Nonlinear motion 40 0.84 1.05 15.87 23.83 4.43 0.37 5.94 7.33

Bold values represent the best results for every category

(five of each) using one clean image of text or one clean face
image, and 11 × 11 synthetic kernels that represent, respec-
tively, Gaussian, linear motion, out-of-focus, uniform, and
nonlinear motion blur, as shown in Fig. 1, and noise lev-
els corresponding to blurred signal to noise ratio (BSNR)
of 30dB and 40dB (Table 1). We compared our results with
two generic methods byAlmeida et al. [5] and Krishnan et al.
[23]. Here, we tested two versions of the proposed algorithm:
PlugBM3D and PlugGMM. The results in Table 1 show
that our method outperforms state-of-the-art methods for
generic images, when tested on images that belong to a spe-
cific class (text and face). Additionally, slightly better results
are achieved with a class-specific denoiser plugged into
the algorithm (PlugGMM), instead of the generic denoiser
(PlugBM3D). Note that the generic algorithm of Almeida et
al. [5] is designed for a wide variety of blur filters, while
Krishnan et al. [23] is designed mostly for motion blurs.

Furthermore, to show that the proposed method can han-
dle text images corrupted with strong noise, we created three
test images of text corrupted with motion blur number 2
from [25] and three noise levels (BSNR = 40, 20, and 10

dB). Our results, presented in Fig. 7, are compared with the
state-of-the-art method designed for text images by Pan et al.
[36], and, again, we use two versions of the proposedmethod
(PlugBM3D and PlugGMM). In these experiments, we use
the �1 prior on the blurring filter to promote sparsity (as
explained in Sect. 3.2.2). The results show that both versions
of the proposed method are able to handle text images cor-
ruptedwith different levels of noise. Slightly better results, in
terms of the ISNR, are achieved by the class-adapted algo-
rithm PlugGMM. The method of Pan et al. was originally
designed for noise-free images and does not perform well on
test images even with weak noise (BSNR = 40 dB).

Robustness of the proposed method to noise is shown in
Fig. 8 (upper row). We created several experiments with two
types of text images (typed and handwritten), corrupted with
four different kernels (kernels 1 to 4 from [25]) and six noise
levels corresponding to BSNR = 50, 40, 30, 20, 15, and 10
dB. We measure ISNR after 50 iterations of the PlugGMM
method. We see that the proposed method performs stably
for noise levels above 20 dB, reasonable well for BSNR =
15 dB, and fails for very high noise level, BSNR = 10 dB.
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Fig. 7 Text image blurred with the motion blur number 2 from [25]
and corrupted with three noise levels: BSNR = 40 dB, 20 dB, and
10 dB (from top to bottom); methods: Pan et al. [36] (ISNR =
−2.66,−2.72,−5.34), PlugBM3D (ISNR = 14.40, 10.79, 5.76), and

PlugGMM (ISNR=17.50, 12.78, 5.84). Note: Black squares in the
upper right corners show the ground truth kernel (first column) and
the estimated kernels by each method (third to fifth columns)
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Fig. 8 Typed and handwritten text: final ISNR and regularization parameter λ as a function of different noise levels

Additionally, the proposed method is tested in the chal-
lenging case of a blurred fingerprint image. We choose to
show the performance of our method on images containing
fingerprints due to two reasons: i) Although rare, fingerprints
can be found in old documents as ameans of identification; ii)
an image containingfingerprints has specific statistics greatly
different than natural images, and as such is highly interesting
as a testing ground. We created the experiment by using the

simplest case of motion blur: linear motion blur and weak
noise (BSNR = 40 dB). Results of two versions of our
algorithm (PlugBM3D and PlugGMM) are compared with
the methods of Almeida et al. [5] and Krishnan et al. [23],
constructed for generic images (Fig. 9). The results show
that, due to the specific structure of images containing fin-
gerprints, algorithms designed for generic images perform
poorly. PlugBM3D manages to estimate the blurring filter
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Fig. 9 Results obtained on the image containing fingerprint, corrupted
with a linear motion blur and weak noise (BSNR = 40 dB); methods:
Almeida et al. [5], ISNR = 0.36, Krishnan et al. [23], ISNR = 0.64,
PlugBM3D, ISNR = 0.56, PlugGMM, ISNR = 1.19 Note: Black
squares in the upper right corner of the images show the ground truth
kernel (first image) and the estimated kernels by each method (third to
sixth image)

closely; however, the resulting image still contains blurred
regions (upper left part), while the proposed algorithm with
a class-adapted image prior (PlugGMM) produces the best
result, both visually and in terms of ISNR.

Next,we tested theproposed algorithmwith thedictionary-
based prior (PlugDictionary) on synthetic blurred text image
from [12] (Fig. 10). The results show that the method of
Almeida et al. [5] for generic images performs well, intro-
ducing small artifacts, similar to the method Cho et al. [12],
specially constructed for text images. Good performance of
the former method is most likely due to fact that it uses
(Sobel-type) edge detectors to preserve important edges in
the image. The generic method Krishnan et al. [23] intro-
duces strong artifacts in the reconstructed image, and the
method Pan et al. [36], designed for text images only, per-
forms equally well as the proposed method, PlugDictionary,
constructed for different image classes.

Figure 11 shows a challenging case of a blurred text with
narrow spaces between letters (the test image is introduced in
[12]). Results are compared with four generic methods: Xu
et al. [49], Almeida et al. [5], Krishnan et al. [23], and Pan et
al. [37]. All of these methods show poor results on the tested
image. Pan et al. [36] show good visual results with still
slightly blurry letter edges. Our method, PlugGMM, gives
the sharpest visual result.

Fig. 10 Experiments on synthetic blurred image from [12]; methods: Almeida et al. [5], Krishnan et al. [23], Cho et al. [12], Pan et al. [36],
PlugDictionary (text dictionary) Note: Black squares in the upper right part of the images represent the estimated kernels by each method
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Fig. 11 Typed textwith narrowspaces between letters and a challenging
blurring kernel; methods: Xu et al. [49], Almeida et al. [5], Krishnan
et al. [23], Pan et al. [37], Pan et al. [36], and PlugGMM Note: Black
squares in the upper right corner of the images show the estimated
kernels by each method

Fig. 12 Text image corrupted with a standard size blurring kernel
(upper row) and a large blurring kernel (bottom row); Methods: Pan
et al. [36] and PlugBM3DNote: Black squares in the upper right corner
of the images show the estimated kernels by each method

To show that the method, when used on text images,
is able to estimate a blurring kernel that has a large sup-
port (69 × 69 pixels), we perform several experiments and
compare our results with the state-of-the-art method Pan
et al. [36]. Here, we used PlugBM3D to show that even
with this generic denoiser, we can achieve good performance
(Fig. 12).

4.2 Results: two or more classes

To test the proposed method on images that contain two
classes, we created an image with a face and typed text, cor-
rupted by motion blur and different noise levels. The main
reasons to choose text and face images are that these two
classes are very common in some applications (e.g., iden-
tification documents in document analysis and forensics)
and, second, these two classes have completely different
structure (namely, sharp transitions in text, versus smooth
and textured areas in faces), so they are a natural test
ground for the proposed technique. Figure 13 shows the
results obtained with this synthetic document image, cor-
rupted by motion blur number 1 from [25], and lower noise
(BSNR = 40 dB). Methods tailored for natural images
[23,48,49] produce strong ringing artifacts and lose details
in the part of the image that contains the face (e.g., neck-
lace). The method of Pan et al. [36], constructed only for
text images, performs reasonably well in the part of the
image that contains faces, but gives a slightly spread ker-
nel estimate and introduce artifacts in the part of the image
that contains text. We used PlugDictionary with a sparsity-
based kernel prior (Sect. 3.2.2). PlugDictionary is used with

Fig. 13 Experiments on synthetic blurred image that contains two
classes—text and face; methods: Krishnan et al. [23], Xu et al. [48],
Xu et al. [49], Pan et al. [36], Pan et al. [37], and PlugDictionary with
dictionary constructed using the direct approach and a sparsity prior

on the blurring filter. Note: Black squares in the upper right corner of
the images show the ground truth kernel (first image) and the estimated
kernels by each method (other images)
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Table 2 Results in terms of ISNR obtained on images that contain two
classes: (i) text + face (gray scale image), (ii) text + face (RGB)

Images BSNR (dB) Direct kNN SVM

text + face (grayscale) 40 22.70 23.43 23.48

30 13.64 13.98 14.30

20 3.34 3.45 6.50

text + face (RGB) 40 19.42 19.93 20.03

30 11.02 11.75 11.93

20 4.07 4.21 4.27

Bold values represent the best results for every category
Methods:Direct—without classification step; kNN—with classification
step based on kNNclassifier 3.3.2; SVM—with classification step based
on SVM classifier 3.3.2

the direct approach explained in Sect. 3.3.1. The result
shows that the proposed method outperforms state-of-the-
art BID methods for generic images [23,37,48,49] or text
images [36].

Furthermore, the proposedmethod is tested on images that
contain two classes (e.g., text and face) with the inclusion of
the classification step, instead of using the direct approach.
Results in terms of ISNR are presented in Table 2. We used
two images that contain text and face (gray scale and RGB),
blurred with motion blur number 2 from [25] and corrupted
with noise with three levels, corresponding to BSNR = 40,
30, and 20 dB. We compare results of the proposed method
with the direct approach and the proposed method with the
classification step using kNN or SVM. The results show that
the classification step improves the performance on images
containing two classes. Additionally, for images with higher
noise levels (e.g., BSNR = 20 dB), in some cases, signif-
icant improvement can be achieved by proper selection of
the classifier and by including noisy patches (images) in the
training data.

As mentioned above, the main focus of this work is on the
BID performance, not the accuracy of the patch classifier.
Still, it is interesting to observe some examples of classifiers
(kNN and SVM) as here we see the potential for improve-
ment of the proposed framework. Figure 14 shows results
of BID with a classification step on the color image with
text and face. Before the classification step, the color image
is converted to gray scale. In this example, the segmented
image clearly shows significant classification error in the
upper region (blue stripe): Patches that should be classified
as text are classified as a face. There are at least two possible
explanations for this: 1) Both classifiers used in this work
are trained only on text image patches that contain black
text on white background; 2) the patch size (6 × 6 pixels)
is small compared with the image size (532 × 345 pixels).
The reason behind gray areas in the segmented image is that
for this experiment, instead of classifying patches into two

Fig. 14 BID with a classification step (with the kNN classifier) per-
formed on color image

Fig. 15 Segmentation results after using two patch classifiers (kNN and
SVM) for images corruptedwith the blur kernel number 1 from [25] and
different noise levels: BSNR = 40 dB (upper row) and BSNR = 10 dB
(bottom row)

classes (text and face), we use three classes (text, face, and
other) to achieve more realistic classification. Although, in
this example, the classification errors do not significantly
influence the final deblurring result, it shows that there is
space for improvement of the patch classifier. Finally, we
show how the noise level influences the segmentation result.
Figure 15 shows results after a patch classification step per-
formed with different classifiers (kNN and SVM) on two
images corrupted with the same blur kernel and different
noise levels, BSNR = 40 and 10 dB. These results show that
the SVM classifier performs slightly better than the kNN
classifier in both cases, but still, the same classification error
is present in the upper part of the image. Also, we can see that
classifiers do not perform much worse when strong noise is
present (BSNR = 10 dB), probably due to the fact that both
classifiers are trained with patches corrupted with different
noise levels.

4.3 Results: real blurred images

To experiment with real data, we first use a 248 × 521
image, acquired with a handheld mobile phone, corrupted
by motion blur and unknown noise (Fig. 16). Note that we
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use term “unknown noise” when we do not know whether
noise present in an image is Gaussian and we do not know a
noise level. We choose to use an image acquired by a mobile
phone in order to test the robustness of themethodwith regard
to an unknown type of noise. Before the deblurring process,
to obtain high contrast, we preprocessed the image by com-
puting its luminance component and setting all pixels with
values above 0.8 to 1. (The range of pixel intensity values is
from0 to 1.) Thepreprocessed image is used as an input for all
the methods, except the one of Pan et al. [37], because that
method uses properties of an image dark channel that can
be disturbed after preprocessing. We compared our results
with four state-of-the-art methods: three designed for natu-
ral images [5,37,48] and one for text images [36]. The results
show that themethod ofAlmeida et al. [5] is able to estimate a
reasonable blurring kernel, but the estimated image contains
strong artifacts and noise. The method of Xu et al. [48] gives
reasonably good results, although the estimated image still
contains noise. The method Pan et al. [37], when used on an
image that is not preprocessed, gives good result with some
regions that are still blurred. The method Pan et al. [36] is not
able to deal with unknown noise. Our method, PlugBM3D,
provides the best visual result.

To emphasize the influence of unknown noise on the
deblurring process, Fig. 17 shows the results obtained with
the zoomed real blurred image (an image is zoomed before
deblurring, introducing new artifacts). As before, the meth-

Fig. 16 Experiments on a real blurred image; methods: Almeida et
al. [5], Xu et al. [48], Pan et al. [37] (preprocessed and original input
image), Pan et al. [36], and PlugBM3DNote: Black squares in the upper
right corner of the images show the estimated kernels by each method

Fig. 17 Experiments on a zoomed real blurred image; methods: Pan et
al. [36], Xu et al. [49], Pan et al. [37], Almeida et al. [5], and PlugBM3D
Note: Black squares in the upper right corner of the images show the
estimated kernels by each method

Fig. 18 Experiments on a real blurred image with rich background;
methods: Xu et al. [48], Xu et al. [49], Pan et al. [36], Pan et al. [37],
and PlugGMM Note: black squares in the upper right corner of the
images show the estimated kernels by each method

ods of Pan et al. [36] andXu et al. [49] are not able to dealwith
unknown noise. The methods of Almeida et al. [5] and Pan et
al. [37] estimate the blurring kernel realistically, but leaving
some parts of the image blurred. Again, our method gives
the best visual results. In experiments presented in Figs. 16
and 17, we used PlugBM3D as BM3D denoiser seems to
be more suitable for images corrupted with noise that is not
necessarily Gaussian.

Figure 18 shows the performance of the proposed method
on a real blurred text image from [12]. Here, we use Plug-
GMM with a sparsity-based prior on the blurring kernel.
Results are compared with three generic methods byXu et al.
[48], Xu et al. [49], and Pan et al. [37], and the text deblurring
method by Pan et al. [36]. All methods perform reasonably
well, but some of them introduce ringing artifacts.

The performance on the real blurred document images that
contain text and face is shown in Figs. 19 and 20.We use real
blurred images corrupted with two types of blur, motion and
out-of-focus, and compare our results with a method tailored
to natural images [23] and a method tailored to text images
[36]. In addition to motion blur, the image in Fig. 19 contains
some saturated pixels, which influences the performance of
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Fig. 19 Experiments on a real blurred image corrupted by motion blur
that contains text and face with rich background; Methods: Krishnan et
al. [23], Pan et al. [35,36], and PlugDictionary with classification step
(SVM classifier)

the evaluated methods: Krishnan et al. [23], Pan et al. [36],
and PlugDictionary. Here, we use PlugDictionary with the
classification step performed by an SVM, as explained in
Sect. 3.3.2, and a weak prior on the blurring filter. In the
case of motion blur, the method from Krishnan et al., tai-
lored to natural images, introduces strong blocking artifacts,
especially visible in the face region. Our method manages
to better recover the part of the image with the numbers.
For out-of-focus blur (Fig. 20), we can see slightly sharper
details in the face region when we use PlugDictionary. All
threemethods fail to deblur small letters.Note that the images
used in these experiments are very challenging due to several
reasons: rich background, parts with very different statistics,
and saturated pixels. Therefore, we choose to compare our
results only with one alternative method tailored to natural
images and one focused on text images.

Finally, Fig. 21 shows experiments performed on real
blurred document (magazine) images that contain text and
face. The image is acquired by the handheld mobile phone
camera. As before, we used PlugDictionary with a classifica-
tion step based on an SVM and a weak prior on the blurring
kernel. The results are compared with four methods tailored
to natural images, Krishnan et al. [23], Xu et al. [48,49] and
Pan et al. [37], and the BID method for text images Pan et
al. [36]. All methods perform reasonably well in the part of

Fig. 20 Experiments on a real blurred image corrupted by out-of-focus
blur that contains text and facewith rich background;methods:Krishnan
et al. [23], Pan et al. [35,36], and PlugDictionary with classification step
(SVM classifier)

the image containing a face, except that methods from Pan et
al. [36,37] over-smooth it. In the part of the image contain-
ing text, all methods introduce, more or less, ringing artifacts
taking into consideration that the proposed method arguably
least affects its readability. We recommend zooming into the
figure in order to clearly appreciate the differences.

Note that in Figs. 19, 20, and 21, we do not present the
estimated blurring kernels. This is due to the images being
mildly blurred and the obtained resulting blurring kernels
only differ slightly.

4.4 OCR results

One of the main reason to do text deblurring is to improve
OCR (optical character recognition) accuracy. As OCR soft-
ware typically uses a languagemodel to improve recognition,
it needs continuous text as input. To evaluate OCR accuracy,
we use five blurred text images from [22] (images 1–5 in
Table 3), two that contain text and face corrupted with differ-
ent noise levels (images 6–7) and a real blurred text image
(image 8).We assess the quality ofOCRwith threemeasures:
average word confidence (AWC), word error rate (WER),
and character error rate (CER); all three measure are in the
range from 0 to 1, with 1 as the best value for AWC and 0 as
the best value forWER andCER. Table 3 shows the results of
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Fig. 21 Experiments on a real blurred image corrupted by motion blur
that contains text and face; methods: Krishnan et al. [23], Xu et al. [48],
Xu et al. [49], Pan et al. [35–37], and PlugDictionary with classification

step (SVM classifier). Note: In the brackets, we stated a type of images
for which the specific method is tailored

the OCR tests on clean, blurred, and estimated images of the
method by Pan et al. [36] and the proposed method. OCR is
performed on a clean image (when available) as a reference.

Furthermore, to give more insight into the performance
of OCR, Figs. 22 and 23 show the results obtained on two
images blurred with different intensities. Figure 22, which
corresponds to Image 1 from Table 3, shows the results
obtained on the slightly blurred text image. The results of
three error measures used to assess the quality of OCR for
the method by Pan et al. [36] and the proposed method are
comparable. As this image is corrupted by very low intensity
blur, results show that it is the best to perform OCR on the
blurred image itself. Figure 23, which corresponds to Image
2 from Table 3, tells different story. Here, we have a situation
where, if OCR takes the blurred image as an input, it will not
give any “result.” Furthermore, it will give a very bad result
if the input image is one estimated by the method from Pan et
al. [36] and a reasonable result if the input image is estimated
by the proposed method.

The results show that, in most of the experiments, the
image estimated by the proposed method is able to improve
OCR accuracy. When OCR is not possible on the blurred
image (images 2, 4, and 5), the proposed method slightly
improves the results, and in some cases (images 6, 7, and 8),
the improvement is significant.

4.5 Regularization parameters

One of themain challenges of the proposed framework is set-
ting the regularization parameter associated with the image

prior. This parameter is influenced by the type of image, blur-
ring kernel, and noise level. The bottom row of Fig. 8 shows
the chosen regularization parameter λ as a function of differ-
ent noise levels for text images. From here, we can see that
for a very high noise level (BSNR = 10 dB), we should use
higher values of λ, but also that it depends on the blurring
kernel (shape and size).

Figure 24 shows the behavior of the final ISNR (after 50
iterations of the PlugGMM algorithm) as a function of the
parameter λ for text image corrupted with four different blur-
ring kernels (first four kernels from [25]).We can see how the
choice of the regularization parameter influences the result.
For some kernels (kernels 1 and 2), it is relatively safe to
choose big enough parameter, but it is not the case for, for
example, kernel 4 where only one value of the parameter λ

gives the maximum result.

5 Conclusion

In this work, we have proposed an approach for using the
so-called plug-and-play framework for class-adapted blind
image deblurring (BID). We tested three state-of-the-art
denoisers: two adapted to specific image classes (GMM and
dictionary-based) and one generic denoiser (BM3D). Addi-
tionally, we used two priors on the blurring filter: a weak one
(positivity and limited support) and a sparsity-inducing one.
Experiments show that the proposed approach yields state-
of-the-art results, when applied to images that belong to a
specific class (e.g., text, faces, and fingerprints), compared
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Table 3 OCR results obtained
on clean, blurred, and estimated
images from the method of Pan
et al. [36] and the proposed
method, in terms of thee error
measurements: AWC (averaged
word confidence), WER (word
error rate), CER (character error
rate)

Images Clean image Blurred image Pan et al. [36] Proposed

Image 1 AWC 0.744 0.726 0.681 0.696

WER 0.23 0.576 0.73 0.807

CER 0.131 0.274 0.668 0.717

Image 2 AWC 0.788 – 0.698 0.714

WER 0.666 – 1 0.666

CER 0.396 – 0.577 0.448

Image 3 AWC 0.795 0.786 – 0.808

WER 0.111 0.222 – 0.055

CER 0.018 0.092 – 0.009

Image 4 AWC 0.686 – – 0.4818

WER 0.692 – – 1

CER 0.401 – – 1

Image 5 AWC 0.806 – 0.654 0.809

WER 0.538 – 0.576 0.346

CER 0.568 – 0.75 0.327

Image 6 AWC 0.89 0.594 – 0.893

WER 0 1 – 0

CER 0 0.927 – 0

Image 7 AWC 0.89 0.607 – 0.846

WER 0 1 – 0.071

CER 0 0.958 – 0.01

Image 8 AWC – 0.659 – 0.56

WER – 1 – 0.5

CER – 1 – 0.259

Bold values represent the best results for every category
Results of the experiments when we do not have access to the ground truth (Clean image 8) or when the OCR
method is returning zero are marked with a dash

Fig. 22 OCR results on slightly blurred image: left—tested image;
right—OCR result

with several generic BIDmethods [5,23], and can be used for
a variety of blurring filters. In addition, the method is able to
handle strong noise in the case of text images, outperforming

Fig. 23 OCR results on highly blurred image: left—tested image;
right—OCR result

the state-of-the-art method for BID of text images [36]. For
text images corruptedwithmotion blur, we are able to outper-
form several generic BIDmethods [5,23,37,48,49], and some
methods tailored for text images [12], and to perform on par
with the state-of-the-artmethoddesignedonly for text images
[36].When dealingwith images that contain two classes with
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Fig. 24 Final ISNR for different values of λ for text images corrupted
with four different blurring kernels

completely different structures (namely, text and face), our
method outperforms several state-of-the-art methods tailored
for generic images [23,37,48,49] and a BID method spe-
cially designed for text images [36]. We show that slightly
better results are achieved with a class-aware denoiser, com-
pared with a generic denoiser, when tested on images that
do belong to a specific class. Additionally, we show that for
images that contain two (or more) classes, better results are
achieved when we use an image prior which is appropri-
ate for all classes present in the image. With the inclusion
of a classification step, the results can be further improved.
Arguably, the biggest drawback of the proposed method is
its computational cost, which strongly depends on the choice
(and settings) of the denoiser, and which increases with the
inclusion of the classification step.Other potential limitations
of the proposed method are the need to set the regularization
parameters (that have to be hand-tuned) and stopping crite-
ria for the inner ADMM algorithms. Ongoing work includes
developing an approach for automatic (or semiautomatic) set-
ting of these parameters. Future work will be focused on the
extension of the proposed method for BID of generic images
and other image restoration tasks (e.g., image inpainting).

Open Access This article is distributed under the terms of the Creative
Commons Attribution 4.0 International License (http://creativecomm
ons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided you give appropriate credit
to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made.
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