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Abstract
With the development of 5G technology, the short delay requirements of commercialization and large amounts of data change our
lifestyle day-to-day. In this background, this paper proposes a fast blind deblurring algorithm for QR code images, which mainly
achieves the effect of adaptive scale control by introducing an evaluationmechanism. Its main purpose is to solve the out-of-focus
caused by lens shake, inaccurate focus, and optical noise by speeding up the latent image estimation in the process of multi-scale
division iterative deblurring. The algorithm optimizes productivity under the guidance of collaborative computing, based on the
characteristics of the QR codes, such as the features of gradient and strength. In the evaluation step, the Tenengrad method is used
to evaluate the image quality, and the evaluation value is compared with the empirical value obtained from the experimental data.
Combining with the error correction capability, the recognizable QR codes will be output. In addition, we introduced a scale
control parameter to study the relationship between the recognition rate and restoration time. Theoretical analysis and experi-
mental results show that the proposed algorithm has high recovery efficiency and well recovery effect, can be effectively applied
in industrial applications.

Keywords QR code . Blind deblurring . Tenengradmethod . Adaptive scale control

1 Introduction

As collaborative computing and general technology such as
the Internet of Things (IoT) and information technology
evolved, it provides an environment where people can share
information without being restricted by space and time.
Through the Internet, it is possible to collaborate effectively
with anyone, anytime, and anywhere [1]. As the main entrance
of the mobile Internet, two-dimensional barcodes are widely
used in commodity payment, public security, financial insur-
ance, and other fields due to their large storage capacity, wide
application range, and strong sharing capabilities. Quick
Response (QR) code, as the most common two-dimensional
bar codes, has the advantages of low cost, easy production,

durability, and so on [2–4]. However, in real life, out-of-focus
blurred QR code images are often collected due to imaging
problems such as lens shake, inaccurate focus, and optical
noise. The ubiquitous image degradation usually leads to dif-
ficulties in QR code extraction and identification. In the era of
commercialization, especially driven by 5G technology, peo-
ple have higher requirements for the speed of information
acquisition. This is why the fast deblurring of QR code images
has become a research focus at this stage, especially in indus-
trial applications [5], such as the traceability of salt, food, and
medicine in Fig. 1. When an out-of-focus blurred QR code
image is acquired, the deblurring algorithm will be used. Its
main purpose is to restore the damaged image to the greatest
extent by improving the signal-to-noise ratio after a series of
processing on the damaged or degraded image. Traditional
image restoration assumes that the image degradation function
has been given, that is, the blur kernel is known. But in real
life, the blur kernel is usually unknown, and the image can
only be restored by obtaining the prior image, so as to achieve
the effect of blind deblurring.

In recent years, a series of studies have been carried out in
the field of blind deblurring at home and abroad. Aiming at the
blind deblurring of the binary images, which are similar to the
QR code images, Zoran et al. [7] presented a general
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framework for calculating MAP estimates, showing how to
derive an appropriate cost function, how to optimize it, and
how to use it to return for the entire image. This framework
has made a huge contribution in the field of blind deblurring.
The more complex the image is, the better the deblurring will
affect. But it pays more attention to details, so it is difficult to
eliminate the ringing effect. Pan et al. [8, 9] proposed a simple
but effective L0-regularized text and beyond deblurring algo-
rithm based on the intensity and gradient priors. Compared
with the existing blind deblurring algorithms, this algorithm
does not need any complicated filtering strategy to select the
edge, and can be applied to debluring the low-illumination
images. In addition, this algorithm is easy to understand and
realize, but the multi-scale iterative estimation method
adopted is too redundant to take a long time. On the basis of
Pan’s algorithm, Liu and Du et al. [10] introduced the binary
feature of QR codes to construct a new constraint term to
achieve double-layer constraints on QR images and have ex-
cellent effects on common blurred kernels and multiple
noises. This algorithm is efficient than the traditional algo-
rithm but still does not solve the speed problem of blind
deblurring. Nah et al. [11] realized the deblurring of dynamic
scenes through the simulation of multi-scale loss function
based on a multi-scale convolutional neural network.

However, a large number of training samples and training
time are the disadvantages of this algorithm. Bai et al. [12]
proposed a graph-based blind image deblurring algorithm by
interpreting an image patch as a signal on a weighted graph.
This algorithm can deal with various blind image deblurring
scenarios, and the reconstructed sharp results are better than
the state-of-the-art methods visually and numerically. A com-
mon disadvantage is that the algorithm is not ideal for more
obscure ones. Based on the Pan’s, Wen et al. [13] proposed a
novel algorithm with a simplified sparsity prior of local min-
imal pixels (PMP) rather than directly using the half quadratic
splitting algorithm. This algorithm can improve the practical
stability and computational efficiency substantially, and have
a certain improvement in speed.

We note that, blind image deblurring is an ill-posed prob-
lem, so it is difficult to find an effective and universal solution.
However, fortunately, the main processes of the existing blind
deblurring algorithm based on L0 regularization is multi-scale
iteration, image estimation, and blurred kernel estimation,
which can effectively solve this problem. In this paper, we
propose a fast blind deblurring algorithm for QR code images
because of the slowness of the existing blind deblurring algo-
rithms in the multi-scale iterations. A large number of exper-
iments show that this method can effectively implement

Fig. 1 Some examples of
industrial applications of QR
codes: (a) Salt, (b) Chocolate, (c)
Medicine, (d) Beetroot. Source:
picture c is snapshot of real situa-
tions in the clinical lab of a local
hospital from Jiang [6]
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adaptive scale control, which greatly improves the speed of
the blind deblurring algorithm. The remainder of this paper is
organized as follows. Section 2 briefly reviews the related
work on image deblurring and image quality evaluation.

Section 3 presents the proposed Algorithm through analysing
the evaluation mechanism and the idea of adaptive scale con-
trol. Section 4 is the overall process of the algorithm in this
paper. In this section, we elaborate the procedure of the

(a) (b)

(c) (d) (e)

Fig. 2 Recognition range of different versions of QR code images (before deblurring): (a) The first version of QR code images, (b) The second version of
QR code images, (c) The third version of QR code images, (d) The fourth version of QR code images, (e) The fifth version of QR code images

Table 1 Effective boundary
values (Q) at different scales
under different versions

QR code samples 52×52 74×74 105×105 148×148 211×211 300×300

Version 1(a) 14,160 21,979 29,033 62,667 79,271 136,120

Version 1(b) 14,439 23,654 31,618 68,364 76,879 130,636

Version 1(c) 15,460 21,226 31,105 69,664 82,377 130,786

Version 2(a) – 25,740 43,474 76,801 107,673 164,239

Version 2(b) – 24,561 40,909 73,702 111,763 164,845

Version 2(c) – 25,655 44,174 83,994 108,710 164,300

Version 3(a) – 30,553 47,658 88,273 150,921 182,746

Version 3(b) – 29,412 44,024 84,038 151,329 194,196

Version 3(c) – 30,047 48,845 85,159 147,072 190,247

Version 4(a) – – 50,534 102,344 159,577 220,825

Version 4(b) – – 49,547 98,973 145,838 222,868

Version 4(c) – – 51,362 101,902 150,026 231,482

Version 5(a) – – 55,089 112,466 161,204 232,144

Version 5(b) – – 55,269 112,435 162,112 245,299

Version 5(c) – – 54,519 111,721 176,735 239,309
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algorithm by three main parts, multi-scale division, im-
age estimation, and blurred kernel estimation. Section 5
shows the experimental results and finally Section 6
concludes the paper.

2 Related work

Generally, image restoration technologies can be coarsely di-
vided into two categories. One is the non-blind deconvolution

algorithm. The algorithm refers to the deconvolution process-
ing on the basis of the image blur mechanism and the point
spread function (PSF). The other is the blind deconvolution
algorithm. When the PSF is not known, the PSF and the orig-
inal clear image need to be estimated according to the prior
knowledge of the blurred image, which is an ill-posed prob-
lem. In the aspect of image quality evaluation, according to
whether there are reference images, full reference, semi-refer-
ence, and no-reference are the main methods for objective
evaluation of image quality. The full reference image

Table 2 Average boundary
values (Qmax) at different scales
under different versions

QR code samples 52×52 74×74 105×105 148×148 211×211 300×300

Version 1 14,906 22,286 30,585 66,898 79,509 132,514

Version 2 – 25,319 42,852 78,166 109,349 164,461

Version 3 – 30,004 46,842 85,823 149,774 189,063

Version 4 – – 50,481 101,073 151,814 225,059

Version 5 – – 54,959 112,207 166,684 238,918

Table 3 The recognition rate and average operation time of QR code images under different scale control parameters p

p
QR codes

Recognition Rate (%) - Zxing 3.4.0 Average Operation Time (s)

0 1 2 3 4 5 0 1 2 3 4 5

Version 1 91.67 93.67 99 99 99 99 1.52 1.71 2.60 5.05 9.07 21.5

Version 2 91 91 96.3 96.3 96.3 96.3 2.21 2.43 2.72 5.38 9.38 21.3

Version 3 95 95 95.67 95.67 95.67 95.67 3.11 3.53 3.63 6.0 9.71 21.3

Version 4 97.35 97.35 97.35 98.53 99.12 99.12 3.45 3.59 3.87 6.76 9.74 21.17

Version 5 94.33 94.33 94.33 97.67 99.67 99.67 3.64 3.65 3.92 6.83 10.58 21.22

Fig. 3 The 300 × 300 blurred QR
code images: (a) The first version
of QR code image, (b) The second
version of QR code image, (c)
The third version of QR code
image
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evaluation method works best, and its premise is that the
original reference image can be found. But in general, the
reference image is difficult to obtain. The semi-reference im-
age evaluation method is generally used when the complete
reference image information cannot be obtained, or only the
information of the reference image is extracted. This method
often uses features of extraction and comparison to evaluate
the image clarity. However, this paper uses the no-reference
image quality method, which can directly estimate the clarity
of the image by using certain characteristics of the image
without reference images. It is not as effective as full reference
and semi-reference, but it meets the needs of actual life and
has higher practicality. In the following, we only briefly re-
view the previous work closely related to out-of-focus image
deblurring and image quality evaluation.

2.1 Image Deblurring

Many previous methods introduce complex image priors and
regard blind image restoration as a joint optimization problem
by penalizing image blurriness and promote image sharpness.
For example, L0-norm based priors [8–10], dark channel prior
[14], low-rank prior [15], graph-based prior [12], multi-scale
latent structure prior [16], local maximum gradient prior [17]
and deep priors [18], etc. These methods can effectively re-
duce the ill-posed of blind image restoration algorithms, but
they are usually computationally expensive. The fundamental
reason is mainly through the calculation of any non-convex
prior with a large amount of calculation, which leads to com-
plex optimization algorithms. What’s more, the parametric
assumptions on blur kernels could greatly improve the

Fig. 4 The first version of the blind deblurring algorithm for QR code
image: (a) Latent image with the scale of 52 × 52, (b) Latent image with
the scale of 74 × 74, (c) Latent image with the scale of 105 × 105, (d)

Latent image with the scale of 148 × 148, (e) Latent image with the scale
of 211 × 211, (f) Latent image with the scale of 300 × 300

Fig. 5 The second version of the blind deblurring algorithm for QR code
image: (a) Latent image with the scale of 52 × 52, (b) Latent image with
the scale of 74 × 74, (c) Latent image with the scale of 105 × 105, (d)

Latent image with the scale of 148 × 148, (e) Latent image with the scale
of 211 × 211, (f) Latent image with the scale of 300 × 300

Fig. 6 The third version of the blind deblurring algorithm for QR code
image: (a) Latent image with the scale of 52 × 52, (b) Latent image with
the scale of 74 × 74, (c) Latent image with the scale of 105 × 105, (d)

Latent image with the scale of 148 × 148, (e) Latent image with the scale
of 211 × 211, (f) Latent image with the scale of 300 × 300
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robustness of blind image deblurring [19, 20], a principled
algorithm within the maximum a posterior framework to tack-
le image restoration with a partially known or inaccurate deg-
radation model [21], and other deep learning and other
methods that contain a large number of real image sets and
training sets using self-supervised methods [22–26], the
characteristics of training data sets are often It will
greatly affect the performance of the entire model, and
in many cases, the construction and processing of data
sets are often very expensive and low feasibility.

2.2 Image quality evaluation

When an image is blurred or out of focus, it loses the details of
the edges. Consequently, it is necessary to apply a non-
reference image definition evaluation method with high sen-
sitivity to the gradient in real life. The common reference
image evaluation methods are the image histogram method,
variance method, Tenengrad method, Laplacian method, fast
Fourier transform method, grey variance method, histogram
entropy method, and local histogram method [27]. In recent
years, the Kang & Park method [28], X-ray tomography [29],
StyleGAN [30] etc. are used to analyse and improve image
sharpness. The disadvantage of high image sharpness is usu-
ally cost, because it requires more expensive systems and
longer scan times. Therefore, the traditional Tenengrad meth-
od is adopted in this paper. This method not only can reduce

the occurrence of local extremum after selecting a certain
threshold [31], but also has good sensitivity and accuracy
[32, 33]. It is a common image clarity evaluation function
based on gradient. In image processing, the edge pixel grey
of QR code images in ideal state changes faster, that is, the
value of gradient function is larger, while the edge pixel grey
of blurred QR code images changes more smoothly, and the
gradient is smaller.

3 The proposed algorithm

In this paper, a classic statistical method is used. Under the
guidance of collaborative computing, an evaluation mecha-
nism is introduced. That is, the effective boundary values of
different scales and the recognition rate and average calcula-
tion time under the control of different scales are calculated
and analyzed, so as to realize adaptive scale control, which is a
fast blind deblurring thought to Section 4. This section shows
what is the evaluation mechanism and how to implement
adaptive scale control based on theoretical and experimental
analysis.

3.1 Evaluation mechanism

To study the adaptive scale control to shorten the time of the
blind deblurring algorithm of QR code images, the value of

Fig. 7 The fourth version of the blind deblurring algorithm for QR code
image: (a) Latent image with the scale of 52 × 52, (b) Latent image with
the scale of 74 × 74, (c) Latent image with the scale of 105 × 105, (d)

Latent image with the scale of 148 × 148, (e) Latent image with the scale
of 211 × 211, (f) Latent image with the scale of 300 × 300

Fig. 8 The fifth version of the blind deblurring algorithm for QR code
image: (a) Latent image with the scale of 52 × 52, (b) Latent image with
the scale of 74 × 74, (c) Latent image with the scale of 105 × 105, (d)

Latent image with the scale of 148 × 148, (e) Latent image with the scale
of 211 × 211, (f) Latent image with the scale of 300 × 300
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image clarity plays a very important role in the entire algo-
rithm. In this paper, the Tenengrad method is used for
image edge detection calculation, using the Sobel hori-
zontal and vertical operators to find the gradient and
intensity of the image [27] as follows:

gx ¼
1

4

−1 0 1
−2 0 2
−1 0 1

24 35 gy ¼
1

4

1 2 1
0 0 0
−1 −2 −1

24 35 ð1Þ

The gradient boundary value of the image is defined as

Q ¼ 1

n
∑x∑yS x; yð Þ2 S > Tð Þ ð2Þ

In Eq. (2), S ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
gx2 þ gy2

q
, T is the given edge detection

threshold, n is the total number of pixels. After the
average grey value of the image is processed by the
Sobel operator, the larger value is, the sharper image
will be. This paper uses the Zxing software package
to evaluate the clarity of each QR code before
deblurring. The results are shown in Fig. 2. It can be
obtained that the Tenengrad method has a good perfor-
mance on QR code image clarity evaluation. The larger
defocus blur radius is, the more blurred will image be.
This method can well represent images which have
sharp edges. For the QR code images with different
degrees of blur, their recognition can be distinguished
according to the boundary value.

Fig. 9 Overall flow chart of the
algorithm in this paper
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To obtain the boundary value accurately, in this paper, we
select QR code images of three different contents for each
version to simulate 300 blurred images with a blur radius of
[0.05,15]. It can be seen from Fig. 2 that there is a certain
relationship between the recognizability of QR code and
Tenengrad value, which can be used as an indicator to judge
whether the QR code images can be recognized. According to
the statistics of the experimental results, for QR code images
with the same version but different contents, the recognition
boundaries are also similar. The boundary defocuses ratio B of
the 1–5 version of QR codes are about B1 = 9.1, B2 = 8.9,
B3 = 6.75, B4 = 5.5, and B5 = 4.9. After that, to improve the
accuracy of the boundary value, we shorten the different
lengths and deblur the images by adding and subtracting
0.02 defocus ratio. Therefore, we obtain the effective bound-
ary values (Q) at different scales under different versions as
shown in Table 1. After obtaining Q, we can get the average
boundary value (Qmax) of different versions, which is the eval-
uation mechanism proposed in this paper, as shown in
Table 2. Table 2 is the average value of Table 1. It can be seen
from Table 2 that the evaluation value becomes larger with the
increase of scale or version relatively.

As we all know, QR codes have certain error correction capa-
bilities, and the higher version, the more stored content. Besides,
the chosen error correction level and the type of encoded data

influence capability [2]. It can be obtained through large quantities
of experiments that the deblurring intervals of 1–5 version can be
r o u g h l y s e t a s I 1 ∈ [ 9 . 1 , 1 2 . 2 ] ,
I2 ∈ [8.9,11.8],I3 ∈ [6.75,11.35], I4 ∈ [5.5,11.1] and
I5∈ [4.9,9.95]. Since image deblurring requires six scale iterations,
we introduce the scale control parameter p (p∈ [0, 5]) to improve
the accuracy of the algorithm in this paper. p (p∈ [0, 5]) indicates
that each blurred image abandons the previous p scale compari-
sons during the scale iteration process, and further compares rec-
ognition rate of QR codes. After that, we randomly generate the
QR code sample libraries in these intervals, and obtain the recog-
nition rate R and deblurring time T from the identifiable images as
shown in Table 3. FromTable 3, the relationship betweenR and T
can be obtained under the same p. As p increases, R and T also
increase, and the larger p, the longer time required for adjacent
scales. That is while improving the deblurring speed of the QR
code images, it lost a certain recognition rate.

3.2 Adaptive scale control

QR codes have the ability to read at high speed and support error
correction processing. That is, when the QR code image is nor-
malized and the multi-scale iterative deblurring operation is per-
formed, it has the recognition ability before the next scale iteration.
Based on this feature of the QR code images, this paper makes a

( a )    (b)    (c)

Fig. 11 Features of blurred QR code image: (a) Blurred QR code sample, (b) Strength feature, (c) Gradient feature

( a )    (b)    (c)

Fig. 10 Features of clear QR code image: (a) Clear QR code sample, (b) Strength feature, (c) Gradient feature
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judgment (see Figs. 3, 4, 5, 6, 7 and 8), and Fig. 3 is the collection
of the input images. Figures 4, 5, 6, 7 and 8 show the effects of
each iteration on the QR code images based on the existing blind
deblurring algorithm [8, 34, 35]). It can be clearly seen that as the
number of iterations increases, the QR codes become clearer grad-
ually, but the blurred QR code image already has the ability to
recognize before the number of iterations ends. This is because the
QR code has a certain error correction rate, and can be recognized
when the image is not optimal.

Based on the aspect of QR codes, this paper intro-
duces the Tenengrad method based on the existing blind
deblurring algorithms, which realizes adaptive scale con-
trol of QR code images, thereby improving the speed of
the blind deblurring algorithm.

4 Fast blind deblurring algorithm

Based on the existing blind deblurring algorithms [8, 9, 34–37]
and the evaluation mechanism [9, 27, 28, 30, 31, 38], this paper
proposes a fast blind deblurring algorithm for QR code images
based on adaptive scale control. Firstly, we uniformly normalize
the input QR code images. After that, the images are obtained by
multi-scale division, image estimation and blurred kernel estima-
tion algorithm. Finally, a Tenengrad evaluation function was
introduced to obtain the empirical value. The image normaliza-
tion is normalized into a 300 × 300matrix without damaging any
information of the image. Multi-scale division, that is, the image
is divided into multiple scales for deblurring operation. The
blurred kernels estimated at each scale will be up-sampled to
the next scale and used as the next input, and finally obtain a
clear QR code image. Image estimation is to deconvolve the
blurred kernels and blurred QR code images, then predict
clearer QR code images. Blurred kernel estimation is to
use the clearer QR code images and blurred image obtained
in the previous step as input, and obtain a more accurate

blurred kernel finally. When the maximum number of iter-
ations is reached, the Tenengrad method will be used. We
use this method when the original reference image cannot be
found, and rely on gradient features of the image to directly
estimate the clarity of the image. This method firstly obtains
empirical values of QR code images by a large number of
experimental statistics. After that, each experimental object
was evaluated. Last but not least, the numerical value Q
generated by evaluation was compared with empirical value
Qmax before deblurring operation on each scale. IfQ >Qmax,
the QR code under this scale can already be identified, and
no further operation is required to achieve the adaptive scale
effect of blind deblurring. The overall flow of the algorithm
is shown (see Fig.9). The proposed algorithm will be ana-
lyzed and calculated from three main parts, that is, multi-
scale division, image estimation and blurred kernel
estimation.

4.1 Multi-scale division

The multi-scale division algorithm firstly unifies the input
blurred QR code image y into a 300 × 300 matrix and the
blurred kernel k into a 31 × 31 matrix. Then, we refer to
Cho’s idea [36], a coarse-to-fine scheme, when estimating
the latent image and blurred kernel. When the QR code image
is at the coarse scale, it will initialize k and down-sample y,
and then estimate image and blurred kernel. Each scale has
five iterative optimizations of k. After obtaining the estimated
value of k, it will be up-sampled to the next scale level by
bilinear interpolation, and then execute the estimation opera-
tion and down-sample the blurred image y. The scale division
formula is as follows (see (3) and (4)):

d ¼
lg 5

�
kd

� �
lg rð Þ þ 1 ð3Þ

Fig. 13 Version 2 - comparison of restoration effects under different algorithms and adaptive scale p: (a) Blurred image, (b) Zoran et al., (c) Pan et al., (d)
Wen et al., (e) p = 0, (f) p = 1, (g) p = 2, (h) p = 3, (i) p = 4, (j) p = 5, (k) Ground truth

Fig. 12 Version 1 - comparison of restoration effects under different algorithms and adaptive scale p: (a) Blurred image, (b) Zoran et al., (c) Pan et al., (d)
Wen et al., (e) p = 0, (f) p = 1, (g) p = 2, (h) p = 3, (i) p = 4, (j) p = 5, (k) Ground truth
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kl ¼ rd−1 ð4Þ

In Eqs. (3) and (4), r ¼ ffiffiffiffiffiffiffi
0:5

p
, d represents the number of

scale divisions, kd is the estimated blurred kernel size, kl is the
divided blurred kernel scale. For a 31 × 31 matrix-size blurred
kernel and a matrix size (300 × 300) QR code image, after
multi-scale division and downward rounding, we get 6 differ-
ent scales. The sizes of blurred kernels are 7 × 7, 9 × 9,
11 × 11, 17 × 17, 23 × 23, 31 × 31 from the coarse-to-fine
scheme. The image will also be down sampled to 52 × 52,
74 × 74, 105 × 105, 148 × 148, 211 × 211 and 300 × 300. yl is
the image after division.

4.2 Image estimation

Taking the first version as an example, the QR code image is
a binary image, which has a strong contrast for its back-
ground is white and the module is black. Compared with
the text image, the module of the QR code image is a whole
square. For clear images, their values are distributed be-
tween 0 and 255 in terms of intensity (see Fig.10(b)). On
the contrary, the blurred image is distributed with a large
number of non-zero values, and there are very few values
where the pixel intensity is zero (see Fig.11(b)). In terms of
image gradient, the image pixel gradient feature performs
well for suppressing artifacts in QR codes, that is, in non-
edge regions, the gradient is zero, and between black and
white modules, the number of zero is relatively rare (see
Fig.10(c) and Fig.11(c)). The intensity and gradient distri-
bution of QR code images with different blurred degrees are
similar. Therefore, the prior of QR code image blind
deblurring can be defined as:

P xð Þ ¼ σPt xð Þ þ Pt ∇xð Þ ð5Þ

In Eq. (5), σ represents the weight. Pt(∇x) describes the QR
code image gradient andPt(∇x) = ||∇x||0; Pt(x) describes the
intensity characteristics of the QR image, and Pt(x) = ||x||0,
where ||x||0 represents L0- regularization.

Based on the prior of the QR code image, this paper quoted
the algorithm mechanism of Pan [8, 9]. Under the assumption
that the blurred kernel is known or initialized, the non-blind
deconvolution method of the image is used to perform the
deblurring process to obtain a clear image, that is, the L0-
regularization of the intensity and gradient of the image is
used as the constraint below:

bx ¼ min
x

x⨂k−yk k22 þ λP xð Þ ð6Þ

In Eq. (6), x is the clear image, k denotes a blurred kernel, y
is a blurred image, λ is the weight parameter, P(x) represents
the prior of the image, ⊗ is the convolution operator, k k22 is
the regularization constraint term. And quote u and g(gh, gv)

T

as auxiliary variables. u is used to approximate x, g(gh, gv)
T is

used to approximate ∇x by:

bx ¼ min
x;u;g

x⨂k−yj jj j22 þ β x−uj jj j22 þ μ ∇x−gj jj j22 þ λ σ uj jj j0 þ gj jj j0
� � ð7Þ

In Eq. (7), β and μ are regularization parameters. When
their values are infinitely close to ∞, eq. (7) is equiva-
lent to eq. (6). By fixing other variables, we use an
alternating minimization method to minimize x. The
values of μ and g are initialized to zero. In each itera-
tion, the solution of x is obtained as follows.

x ¼ min
x

x⨂k−yj jj j22 þ β x−uj jj j22 þ μ ∇x−gk k22 ð8Þ

Fig. 15 Version 4 - comparison of restoration effects under different algorithms and adaptive scale p: (a) Blurred image, (b) Zoran et al., (c) Pan et al., (d)
Wen et al., (e) p = 0, (f) p = 1, (g) p = 2, (h) p = 3, (i) p = 4, (j) p = 5, (k) Ground truth

Fig. 14 Version 3 - comparison of restoration effects under different algorithms and adaptive scale p: (a) Blurred image, (b) Zoran et al., (c) Pan et al., (d)
Wen et al., (e) p = 0, (f) p = 1, (g) p = 2, (h) p = 3, (i) p = 4, (j) p = 5, (k) Ground truth
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The closed-form solution to this minimization problem is
to use the extreme value to derive the formula (8), and use the
fast Fourier transform method to convert the convolution op-
eration in the matrix space into a point multiplication opera-
tion in the frequency domain as:

x ¼ F−1 F kð ÞF yð Þ þ βF uð Þ þ μFG

F kð ÞF kð Þ þ β þ μF ∇ð ÞF ∇ð Þ

 !
ð9Þ

In Eq. (9), F( ) and F−1( ) respectively represent fast Fourier

transform (FFT) and inverse FFT. Fð Þ is a complex conjugate

operator, andFG ¼ F ∇hð ÞF ∇ghð Þ þF ∇vð ÞF ∇gvð Þ, where ∇h

and ∇v respectively represent horizontal and vertical differen-
tial operators. After solving x, we calculate u and g (see (10)
and (11)):

u ¼ min
u

β x−uj jj j22 þ λσ uj jj j0 ð10Þ

g ¼ min
g

μ ∇x−gj jj j22 þ λ gj jj j0 ð11Þ

Eqs. (10) and (11) are pixel-based minimization problems.
The solutions of u and g are obtained (see (12) and (13)) based
on Liu [10].

u ¼ x; xj j2≥ λσ

β
0; else

8<: ð12Þ

g ¼ ∇x; ∇xj j2≥ λ
μ

0; else

8<: ð13Þ

4.3 Blurred kernel estimation

For a given image x, this paper refers to Cho [36] using the
predicted gradient idea to further estimate the blurred kernels
by using the minimized energy function, the formula is as
follows (see (14)):

k ¼ min
k

∇x⨂k−∇yk k22 þ γ kj jj j22 ð14Þ

Similarly, for better calculations, we derive the formula
(14) and use the fast Fourier transform method to transform
the convolution operation in matrix space into a dot product
operation in the frequency domain, we can obtain (see (15)):

∂ f kð Þ
∂k

¼ F−1 2F ∇xð ÞF ∇xð ÞF kð Þ−2γF kð Þ−2F ∇xð ÞF ∇yð Þ
� �

ð15Þ

In formula (15), the gradient of f(k) should be evaluated
multiple times during the minimization process. F and F−1

also represent the Fourier transform and its inverse transform,

and Fð Þ is a conjugate fast Fourier transform. F(∇x) and
F(∇y) calculations are preprocessed before the conjugate gra-
dient starts to reduce the number of FFT calculations in each
iteration.

Table 5 Mean deblurring time (s)
of different restoration algorithms
and different control parameters p

QR codes Zoran et al. Pan et al. Wen et al. p=0 p=1 p=2 p=3 p=4 p=5

Version 1 68.054 20.805 13.586 1.874 2.02 2.751 5.962 9.858 21.344

Version 2 67.056 21.287 13.653 2.131 2.291 3.065 5.997 10.257 21.193

Version 3 65.726 22.232 13.854 3.093 3.14 3.682 6.033 10.277 21.497

Version 4 64.207 20.454 13.261 3.225 3.599 3.888 6.238 10.331 22.125

Version 5 62.933 20.260 13.241 3.858 3.845 3.99 6.514 11.29 22.148

Fig. 16 Version 5 - comparison of restoration effects under different algorithms and adaptive scale p: (a) Blurred image, (b) Zoran et al., (c) Pan et al., (d)
Wen et al., (e) p = 0, (f) p = 1, (g) p = 2, (h) p = 3, (i) p = 4, (j) p = 5, (k) Ground truth
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5 Experimental results and analysis

The error correction level of the QR code images is H. Based
on a series of experiments, compared to other QR code gen-
erators, the Caoliao QR code website has little effect on the
Tenengrad value of QR codes with different error correction
rates. Therefore, this paper uses the Caoliao website to gener-
ate the corresponding version of the QR code and uses the
Zxing 3.4.0 software package to decode. The input images
are uniformly initialized to a matrix (300 × 300). The exper-
imental environment of this article is the Intel i7 processor,
CPU 3.20GHz and Matlab2018a. We will compare the
deblurring effects of different algorithms from simulation

experiments, and analyze the advantages of the algorithms
from two dimensions of deblurring time and recognition rate
after deblurring in the second section.

5.1 Simulation experiment

This section carries out simulation experiments, randomly
generates six clear QR code images for each version, and
randomly generates 20 blurred QR code images as the sample
libraries in the corresponding defocusing intervals I1, I2, I3,
I4, and I5. Next, we select a sample and 20 samples for each
version of the QR codes respectively. The effect comparison
of a single sample is shown in Figs. 12, 13, 14, 15 and 16, and

a b c
Fig. 18 Recognition rate of 300 randomQR code pictures of the first version in the defocus interval I2 at the adaptive scale (p ∈ [0,2]), (a) p = 0, (b) p = 1,
(c) p = 2

a b c
Fig. 17 Recognition rate of 300 randomQR code pictures of the first version in the defocus interval I1 at the adaptive scale (p ∈ [0,2]), (a) p = 0, (b) p = 1,
(c) p = 2

Table 4 Deblurring time (s) un-
der of five figures Figures Zoran et al. Pan et al. Wen et al. p=0 p=1 p=2 p=3 p=4 p=5

Fig. 12(a) 69.008 19.495 13.641 1.65 1.688 3.704 5.918 10.32 21.229

Fig. 13(a) 68.090 20.461 13.449 2.805 2.88 3.711 6.102 10.348 21.671

Fig. 14(a) 67.871 20.735 13.561 3.658 3.684 3.715 6.299 10.426 21.945

Fig. 15(a) 65.119 21.335 13.157 3.682 3.775 3.738 6.336 10.513 21.985

Fig. 16(a) 64.369 21.139 13.275 3.704 3.729 3.751 6.795 10.527 22.057
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the time comparison is shown in Table 4. Table 5 is the mean
deblurring time of different algorithms and different control
parameters p under multiple samples. It can be seen that at the
same degree of blur, Pan’s algorithm and Wen’s algorithm
have well deblurring capabilities, but Zoran’s algorithm has
an obvious ringing effect, which affects the recognition

function of QR code images. Starting from the different scale
control parameters p, it can be seen that when p is small, the
output image has the ability to be recognizable. From the time
dimension, when the scale control parameter p of our algo-
rithm is small, the deblurring speed is improved by about an
order of magnitude compared with other algorithms.

a b c
Fig. 21 Recognition rate of 300 random QR code pictures of the first version in the defocus interval I5 at the adaptive scale (p ∈ [2, 4]), (a) p = 2, (b) p =
3, (c) p = 4

a b c
Fig. 20 Recognition rate of 300 random QR code pictures of the first version in the defocus interval I4 at the adaptive scale (p ∈ [2, 4]), (a) p = 2, (b) p =
3, (c) p = 4

a b c
Fig. 19 Recognition rate of 300 randomQR code pictures of the first version in the defocus interval I3 at the adaptive scale (p ∈ [0,2]), (a) p = 0, (b) p = 1,
(c) p = 2
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5.2 Deblurring time and recognition rate

After that, combining with Tables 3, 4 and 5 and Figs. 12, 13,
14, 15 and 16, for versions 1–3, we can get the most appro-
priate value range of p in [0,2]. And for version 4 and version
5, the most appropriate value range of p is [2, 4]. The size of
the QR code output image is determined by the defocus radius
of the input image and the identifiability of the QR code in the
current scale, which does not require uniform iteration to the
last scale, thus saving a lot of iteration time. The QR code
identifiability uses the evaluation mechanism proposed in this
paper, that is, the Tenengrad method, to compare the generat-
ed evaluation value. The recognizability of the output images
are shown in Figs. 17, 18, 19, 20 and 21. Under these five
figures, each dot represents the corresponding output image of
different fuzzy images. The green one means the image can be
recognized, while the red one cannot. We chose the range of
scale control parameters with a large variation of recognition
rate, such as QR code versions 1–3 choose p = [0,2], versions
4–5 choose p = [2, 4]. As can be seen from Figs. 17, 18, 19, 20
and 21, for version 1 and version 2, when p = 2, they have the
highest recognition rate, reaching 99% and 96.3% respective-
ly. For version 3, when p = 0 or p = 1, the recognition rate is
the highest, which can reach 97.67%, while for version 4 and
version 5, when p = 4, they have a well restoration effect, and
the recognition rate can reach 99.67%. From these data, it can
be concluded that our method has a high recognition rate, and
the recognition rate increases with the larger of p under normal
circumstances.

Last but not least, deblurring time and recognition rate are
compared between the proposed algorithm and other blind
deblurring algorithms, as shown in Fig. 22 and Fig. 23 respec-
tively. The analysis of these figures reveals that not only the

operation speed of the algorithm in this paper is improved
greatly, but also the recognition rate is higher than Zoran’s
algorithm and Wen’s algorithm but lower than Pan’s algo-
rithm. After comparison, for slightly blurred images, it can
be easily determined that the QR code images are recogniz-
able in the small-scale process, and the deblurring algorithm is
ended ahead of the next scale, avoiding excessive redundant
calculations. This algorithm can initially show that with-
in the identifiable range after image deblurring, as the
blurring degree increases, the algorithm time in this pa-
per gradually increases, and with the increase of version
or scale control, the time also gradually increases.
However, it can be seen that the algorithm in this paper
has more practical application value than the existing
algorithms in the field of blind deblurring of QR codes.

6 Discussion and conclusion

In this paper, we propose a simple and fast algorithm for blind
deblurring of QR code images based on adaptive scale control,
which has wide applications in e-commerce, web and mobile
computing and the Internet of Things. Based on the existing
blind deblurring algorithms, an evaluation mechanism is pre-
sented to realize the image scale adaption. Besides, we intro-
duce a scale control parameter to measure the relationship
between the parameter and the recognition rate and deblurring
time. The experimental results show that the proposed algo-
rithm can quickly identify unified versions of QR codes,
which are generated in various industrial fields such as the
traceability of salt, seeds, medicines et al. In comparison with
the existing blind deblurring algorithms, our approach has
more advantages in speed and efficacy.

Fig. 22 Deblurring time of 1–5 versions of QR codes between the pro-
posed algorithm and other blind deblurring algorithms

Fig. 23 Recognition rate of 1–5 versions of QR codes between the pro-
posed algorithm and other blind deblurring algorithms
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There are still some limitations in the proposed algorithm.
The first limitation is that the proposed algorithm is temporar-
ily applied to the averagely blurred QR code images.
However, for the uneven blurred QR code images, its recov-
ery effect is not so satisfactory. The second limitation is that
the QR images may be easily corrupted or attacked by so-
called adversarial perturbations. For future work, we will con-
tinue to solve the limitations of the proposed algorithm and
study a more universal deblurring method. Besides, we will
focus on exploring the combination of most state-of-art tech-
niques to further improve the performance. In real life, a cus-
tomized two-dimensional barcode [5] can effectively prevent
the forgery of imitation physical labels and maintain good
anti-counterfeiting aesthetics, a unified gradient regularization
family [39] can effectively solve the so-called confrontation
that QR images may suffer disturbance destruction or attack,
spectral-domain feature segmentation [40] can extract the QR
code images in a complex environment.
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