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Abstract

Blind deconvolution of a barcode involves the recovering of a rec-
ognizable barcode from a barcode signal corrupted by two processes,
convolution with a blurring Gaussian kernel and the addition of noise,
both of which are defined by unknown parameters. Several approaches
to this problem exist but the efficiency of blind deconvolution has re-
mained an issue due to the unknown distortion parameters and their
possibly large effects on the signal. Our approach is to reconfigure
the corruption equation, given certain assumptions, and reduce the
problem to a least square problem that uses this reconfigured equa-
tion, with regularizations. This approach results in a simple and in-
expensive algorithm for blind deconvolution that produces relatively
accurate results for barcode signals with low levels of noise and blur.

1 Introduction

Barcode deconvolution is the process of restoring a signal from an erroneously
observed, or corrupted, signal. The corruption process for a 1-D signal can
be modeled by the following equation:
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f = k ∗ u + n (1)

where ∗ denotes the 1-D convolution operator, f denotes the distorted bar-
code signal received by the barcode reader, k is the convolution kernel, u is
original barcode signal recognizable within the database, and n is the additive
noise.

The corruption of a barcode signal can be modeled the same way. There
are two broad types of deconvolution: blind deconvolution and non-blind
deconvolution. The difference between non-blind deconvolution and blind
deconvolution of an observed barcode signal is that the non-blind deconvolu-
tion process is facilitated with the knowledge of corruption parameters, while
the blind-deconvolution process involves little or no a priori knowledge of the
corruption parameters.

Barcode systems are an essential component of the business world as they
allow one to expeditiously retrieve information on products, resulting in an
economy with accelerated decision-making. Barcode systems are progres-
sively being implemented as sources of information within the social net-
working culture. This has resulted in the implementation of barcode reading
software within smartphones. These programs analyze an image of a bar-
code taken by the phone’s camera. This is where problems arise. Images
taken by the camera can often be affected by blur and random noise. The
result is an unrecognizable barcode. Blind deconvolution allows the retrieval
of a recognizable barcode despite the unknown parameters of blur and noise.
By implementing a proper blind deconvolution algorithm, the retrieval of
information and decision-making can be accelerated. Furthermore, the in-
vestigation of blind deconvolution of barcode signals could potentially be
extended to other applications of signal processing.

One classical approach to the barcode deconvolution problem is Wiener
deconvolution explained in [4]. This method only works effectively when
the parameters of distortion are known. Experimentally, beyond a certain
amount of noise and blurring, this approach is ineffective in constructing the
original barcode signal.

In [1], Esedoglu discusses the simple barcode reconstruction approach
of finding local extrema of the derivative of the corrupted barcode signal,
using edge filters, and relating them to each other in order to reconstruct
the original barcode. This process isnt effective when the barcode signal is
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corrupted with noise because of the sensitivity of finding local maxima and
minima. Additionally, when the standard deviation of the convolution kernel
is large enough, it is hard to derive the edges of the original barcode signal.
Esedoglu then goes on to discuss his approach to blind barcode deconvolution:
total variantion denoising via gradient descent. He concludes that his blind
deconvolution approach performs accurately with signals affected by high
blur and noise. However, the speed of the algorithm is very slow, degrading
the efficiency of this approach.

Some blind image deconvolution methods exist, as shown in [2], [3], which
may be applicable to barcode signal deconvolution. In [2] and [3], the meth-
ods used involve the assumption that the original image and the blur kernel,
described as a point-spread function (PSF) with which the original image is
convoluted, are irreducible: an irreducible signal cannot be exactly expressed
as the convolution of two or more component signals of the same family [2].
However, the observed barcode signals PSF is not necessarily irreducible.

One blind deconvolution method is established in [5]. This method builds
upon the symmetric property of the blur kernel, described as a PSF. It takes
advantage of this symmetric property, by reconfiguring the standard signal
distortion equation (1) and eliminating the unknown kernel from the equa-
tion. [5] provides theoretical analysis and experimentation to validate this
approach. In conclusion, this method doesnt require that the observed bar-
code signals PSF be irreducible, only symmetric. However, it does require
that the original barcode be irreducible [2], [5].

2 Problem Strategy

For our investigation, we use a particular barcode generation method to
create our data. This method involves representing a barcode signal as a
vector of zeros and ones. This representation is closely related to the UPC
barcode structure. It produces a vector of zeros and ones to represent the
first five digits of the UPC barcode. It then produces a vector of zeros and
ones to represent the middle bars of the barcode, which are the same for all
barcodes. Finally, it produces a vector representation for the last five digits of
the UPC barcode, which are optical inverses of their potential representations
of the first five digits. These three vectors are then concatenated to form one
vector we call the clean barcode signal. We take this clean barcode signal and
generate a higher resolution barcode signal by stretching the signal by a factor
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of twelve. The next step is creating a Gaussian blur kernel, or point-spread
function, defined by using a standard deviation parameter. This standard
deviation represents a a multiple of the minimum bar width of our data,
which in our experimentation is 12. So if we had a standard deviation of 1,
this would actually be defined as 12. The higher resolution barcode signal
and kernel are then convoluted to obtain a blurry barcode signal. We then
add white Gaussian noise to the blurred barcode signal.

A logically simple approach to the blind deconvolution problem is to
simply threshold the corrupted signal. This is almost never effective because
the distortion heavily manipulates the amplitude and wavelengths of the
signal.

We then investigate the methods described in [5]. For our data, the
Gaussian blur kernel is a symmetric point-spread function. Thus, we take
the same approach of reconfiguring the signal distortion equation in order to
eliminate the Gaussian blur kernel from the equation, taking advantage of
the kernels symmetric characteristic. We temporarily ignore noise to further
simplify this equation. The result is a minimization problem.

We also take into account and take advantage of the structure of our
barcode signal. Knowing that the signal is a concatenation of three vectors,
where the middle vector is always the same, allows us to segment the matrices
of the equation and further simplify the equation along with the minimization
problem.

3 Analysis and Experimentation

Restoring a blurred dimension barcode involves solving for u from equation
(1). However, this is very difficult with little knowledge of the Gaussian
kernel k and the original signal. However, we do know two pieces of useful
information. We know that the kernel is symmetric and we know that the
middle segment of every UPC barcode is the same. This information can be
used to derive a mathematical model with which we can work with in order
to solve for the original barcode signal via blind deconvolution.

3.1 Derivation of Model

We have equation (1) but we replace f with y to avoid confusion.
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We start by noting that k is a symmetric point-spread function. Since
it’s symmetric, flipping it will produce an equivalent:

k = k̆ = Fk

Note that: we use the breve acccent to denote a flipped parameter and that F
is the matrix used to flip the point-spread function.

We then flip the entire equation and begin reconfiguration:

y̆ = k̆ ∗ ŭ + n̆

We convolute this flipped equation with u, the clean barcode signal.

y̆ ∗ u = k̆ ∗ ŭ ∗ u + n̆ ∗ u

We can then rearrange the components k̆ ∗ ŭ ∗ u and simplify the equation
to:

y̆ ∗ u = y ∗ ŭ− n ∗ ŭ + n̆ ∗ u

We then replace y̆, y, n, and n̆ with their matrix representations, denoted
as their uppercase alternates. We also replace ŭ with its equivalent, Fu.

Y̆ u = Y Fu−NFu + N̆U

We can move everything to one side and produce the following equation:

[Y̆ − Y F + NF − N̆ ]u = 0

If we ignore the noise, the matrix simplifies to the two first components
and we can name this A:

A = [Y̆ − Y F ]

So we have an equation to solve for:

Au = 0

We replace u with x because x is the estimated signal we are solving for:

Ax = 0 (2)
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We can now take into account the fact that all barcodes have the same
middle bar dimensions. In our case, the middle bars of our data are repre-
sented as a vector, [0 1 0 1 0].

We begin by thinking of A and x as matrices and we can segment these
matrices into three parts:

[A1, A2, A3]

x1

x2

x3

 = 0

This matrix multiplication is equivalent to:

A1x1 + A2x2 + A3x3 = 0

Now we can separate the known component, A2x2 from the unknown com-
ponents:

A1x1 + A3x3 = −A2x2

We can say the known component is equal to b̃ and the sum of unknown
components as the product of Ã and x̃.

The result is a simplified equation:

Ãx̃ = b̃ (3)

We can use this equation to solve for x̃ and then adding the x2 component
back into the middle of x̃ to obtain the estimated original barcode signal, x.

Furthermore, we define the error rate of an estimated barcode signal:

1

N

n∑
i=1

|xi − ui| (4)

This equation takes the absolute value of the difference between the decon-
volved signal and the original signal and then calculates the overall mean of
the components.
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3.2 Gradient Projection

We started with three optimization methods that seemed to be a good fit for
this problem. First, we started with gradient projection, which is an iterative
method of gradient descent. Gradient descent is a first order optimization
algorithm which finds the minimum of a function. We decided to use gradient
projection because it allows us to set a range for our projection, which in our
case is between zero and one. We descend in the negative direction to find the
local minimum and project the results between zero and one. The equation
for gradient descent is:

un+1 = un − dt∇F (un) (5)

and the equation for gradient projection is

un+1 = Π[0,1](u
n − dt∇F (un)) (6)

The only difference between these two equations is the projection done in
equation (6) which is represented by the pi symbol. In both of these equa-
tions, dt is simply an increment value calculated using 1

||ATA|| , with A being
the blurred matrix that we are trying to deconvolve.

We applied this method using a barcode signal corrupted by a noise pa-
rameter of 0.0005 variance and a Gaussian blur kernel defined by a standard
deviation of 1. We then thresholded the new ũ signal at 0.5, the deconvolved
signal was under-fitted when compared with the clean signal, except for the
middle 60 dimensions that were already known.
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The blue graph is the clean signal and the red graph is the deconvolved
signal using gradient projection. Clearly, there are many points in which
the deconvolved signal does not match up with the clean signal. This is
because most of the signal is thresholded down to zero. Next, we ran the
program iteratively with noise variance going from 0.0001 to 0.002 with an
increment of 0.0001 and with blur variance going from 0.5 to 1.5 with an
increment of 0.05. We then produced a color map displaying the error rates
for each iteration. However, we were not able to obtain a color map as the
computer ran out of memory and crashed. This demonstrated that using
gradient projection is not the most optimized method to deconvolve corrupt
barcode signals. It is a very costly algorithm that requires a high run time.

3.3 Total Least Squares

The second method that we tried was total least squares optimization, which
is a least squares data modeling procedure that not only considers observa-
tional errors but also errors that there could be in matrix Ã, the consisting
of a concatenation of A1 and A3. This is very good because since we do not
know the Gaussian blur kernel, k, we will not know if there are noise errors
in Ã, and total least squares takes these errors into account. The equation
that we use for this total least squares approach is:

ũ = −VAb ∗ V −1bb (7)

In order to obtain matrix V, we first create a new matrix C, which is a
concatenation of Ã and b̃.

C =
[
Ã b̃

]
(8)

Then, we take the singular value decomposition of C, which is a factorization
of C that returns three new matrices: U , Σ, and V T . U is a unitary matrix,
Σ is a diagonal matrix where all the non-negative real numbers are on the
diagonal, and V T is the transpose of V .

V =

[
VÃÃ VÃb̃

Vb̃Ã Vb̃b̃

]
(9)

Next, we plotted the deconvolved signal of a barcode signal with 0.0005 noise
variance and a blur variance of 1, and thresholded at 0.5. The signal was
over-fitted when compared with the original clean signal.
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Once again, the blue graph is the clean signal and the red graph is the
deconvolved signal, using the total least squares optimization. Even though
the deconvolved signal matched up at areas where the clean signal existed,
the deconvolved signal also existed in areas where the clean signal didn’t
exist. Next, we ran the program iteratively with noise variance from 0.0001
to 0.002 with an increment of 0.0001 and a blur variance from 0.5 to 1.5
with an increment of 0.05. We produced a color map of error rates for each
iteration.

Note that the blur variance inreases as we go to the right on the x-axis. The
noise variance increases as we go down the y-axis.
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This color map illustrates rather high error rates. The dark blue squares
represent low error rate, less than 10 percent, and the red squares represent
significantly high error rates, greater than 35 percent, with other colors of the
spectrum representing error rates in between. It seems the change in the blur
level does not affect the errors dramatically; but different noise levels affect
the accuracy of the results. When there are small noise errors in Ã, there
are actually more errors, and as the noise level increases, the method starts
to do better and better. Therefore, total least squares optimization seems
to only work on data with extremely large noise errors in Ã. Consequently,
total least squares is not an efficient optimization method.

3.4 Least Squares

The third optimization method that we tried was a least squares implemen-
tation. Least squares optimization is a data fitting model for estimating un-
known parameters by minimizing the sum of squares of errors of each result.
This method only considers observational errors, unlike total least squares
which also allows for errors in Ã. The equation that we use for minimizing
the sum of squares for our data is:

min
x̃

1

2

∥∥Ãx̃− b̃
∥∥2 (10)

and the equation for solving x̃ using least squares is

ũ = (AT ∗ Ã)−1 ∗ ÃT ∗ b̃ (11)

Next, we plotted the deconvolved signal of a barcode signal with 0.0005
noise variance and a blur variance of 1, and thresholded at 0.5.
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Again, the clean signal is in blue and the deconvolved signal, using least
squares optimization, is in red. Even though this is not an exact match
to the original clean signal, it is significantly better than the results obtain
from gradient projection and total least squares. Most of the signal is over-
lapped correctly, except there are some areas that are over-fitted and some
areas under-fitted. However, this is a fairly accurate result for a blind de-
convolution approach. Afterwards, we ran the program iteratively with noise
variance from 0.0001 to 0.002 with an increase of 0.0001 each time and a blur
variance from 0.5 to 1.5 with an increase of 0.05 each time, and displayed a
result of the error rates for each iteration of different noise and blur levels.

In general, the color map representation showed that least squares optimiza-
tion did very well because most of the color map had blue squares. The
highest error was 40 percent compared to the maximum of 45 percent (and
higher) in total least squares. It seems that as the blur level increases, the
error rate increases. Thus, this method is not very accurate with a very high
blur level. Still, this optimization method is the most accurate one that we
tried and definitely deconvolves the blurry signal, producing a better fitting
than the gradient projection and total least square approaches.

4 Conclusion

We apply a blind deconvolution approach to recover the barcode signal with
known structures of the original barcode signal. Least square optimization
offers the best results compared with gradient projection and total least
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square optimization. Although the least squares optimization approach to
the blind deconvolution of corrupted barcode signals was the most efficient
of the three methods explored, improvements can be made. Regularization
terms could be integrated into the least squares optimization algorithm to
take better account of blur and noise. We would then run experiments to
visually and quantitatively analyze the efficiency. A second possible explo-
ration is to translate the recovered barcode signal into the string of numbers
that we are interested in reading and comparing this string of numbers with
a database of barcode digit strings. We could also analyze our blind decon-
volution methods by applying them to real data, images of barcodes from
smartphones.
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