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Abstract: A super-resolution reconstruction from s

dmgmdw for license plate reco n is ;lrgnm
this paper. Lurw resolution images database is gemerated by
dms anlmll.tﬁ hite Gaussian noise to the super
rmlu ase. The low-resohution i cal
be \'ﬂed as a n sampled version of a high-resolution
image, where its patches are assumed to have a spam
representation with respect to an ever-complete dictionary of
prototype signal atoms. The principle of compressed sensing
ensures that under mild conditions, the sparse rqmumtnl

can be correctly recovered frem ﬁe down H.T

Therefore, twe dictionary of low a utnnggrm

same images patches are trained. , Super Tresolution
from

m single low runl'm:lm are recovered, by
solving an op timization problem by genetic alzorithm.
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1. INTRODUCTION

Super-resolution (3F) image reconstruction 15 currently a
noticeable area of research that aims to produce a higher-
resolution mmage based on one or a set of images taken from
the seme scene One of the reasons of low resolution images
can be idenfified as motion blunng caused by camera
shaling or relative speed of camera and the scene. Since high
resolution (HE) digital cameras are expensive, finding a way
to increase the current resolufion level is needed One of the
promising approaches 15 using signal processing techmigues
to convert the low resolution images to high resolution ones.
One application of tlis method is the License Plate
Recognition (LPE), where the movement pattern of object 1s
comparatively simple for estimation

Some of the most sigmficant applications of LPR
algorittm or commercial LPRE system 15 in unattended
parking lots, security control of restricted areas, toll gates,
traffic law enforcement and congestion pricing in wlhich it is
easy to capture a clear and sharp photo of wvehicle license
plate when they are motionless or move at a very low speed

The first article that clearly introduced the idea of
combing 3R and LPR to identfy moving velucles was
written by 3uresh and Kumar [1]. They proposed a robust

super-resolution algorithm, in which the HE image 1s
modeled as MEF with a discontinuity adaptive regulanization
(denoted as “DAMRF™).

Other awthors epplied a method for estimating the
regularization parameter automaticelly to the generalized
DAMEF super-resolution reconstruction method [2]. Since
the raw data were non-convex, they used a graduated non-
comvex (GNC) pattern which is a determining ammesling
algorithm  for performing optimizetion Howewer, the
complexity of funchions in thenr Meazimum a posterior
(MAFP) based method prevent it from real-time applications.
A& fast MAP-based 3R elgorithm was proposed by Yuan and
et al, [3].

3E based on non-umiform interpolation of registered LE
images was proposed by Gambotto and et &l (2000)[4]. The
adventage of this work was the computational speed, wlhile
the disadvantage was more sensitivity to motion estimates.
Weili and Xiacbo are proposed an alternative generalized
model of DAMRBF based on the bilateral filtering which
connects the bilateral filtering with the Bayesian MAP[5].

In tlus work, by using Wiener filtering, the computation
complexity is decreased. But because of removing the a-
prion and registration errors, this method becomes unstable.

In the following, several other methods, such as Bayesian
probability, bilateral filtering, and Wiener filtering and non-
wuform interpolation method are used for solving the
blurring problem. In contimae, we consider 3R images
modeling technigques in section [I and sparse representstion
problem in sections III and genetic algorithm in section IV
that used to create two dictioneries D1 and Dl and finally in
secion V, we explan ow method for de-bluming low
resolution images.

o SR IMAGES MODELIN G

The 3E image techmiques can be divided into four types
(1) frecquency domein-based approach, (if) interpolation-
baged approach, (iif) regulanzetion-based epproach, and (1v)
learning-based approach The difference between the first
three and the last one is that, in (1), (i) and (i11) classafying
methods, higher-resolution images are provided from a set of
lower-resolution input im ages, while in the fouwrth one
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Figre 1. General Mode lfor super-re sohmtion onage

gets the same objective by exploiting the information
provided by animage database.

Chu Duc and et al m [6] modeled high resolution images
as Markov random field A learming-based framework has
been proposed by Eajaram and et al for zooming the digits in
a license plate, which have been blured using an wnknown
kemel it 15 owr mm to produce uniform conference
proceedings [7]. The disadventages of these methods are the
requerement of some smilar wvehicle images to have
ecuivalent pizels of them. Since the images of the velucles,
unlike the fixed objects are notin a same size due to motion,
the efficiency of these methods are decreased.

Formulating a comprehensive model to join the onginal
HE image to the observed LE images is the first stage in our
method. To present a basic concept of 3R reconstruction
technigues, the observetion model for super-resolution im age
is explained.

Figwe 1 shows four operations of image processing, The
first one iz a geometric transformation which includes
translation, rotation, and scaling, the second one is blwnng
the thurd one is down-sampling by a factor of gl = g2, and
the last one is adding white Gaussian noise. The given image
(with a size of M1 = M2) iz taken at high-resolution ground
accuracy, that is compared with the high-resolution image
reconstructed from a set of low-resolution images using the
following equation (with the size of L; = L, each, that 15, L;
= M]_.l"ql and L] = Mij’]}

Yy= DafPaWai +Vq, (1
=HaX +Vy,

Where, Y(k) and X denote the kth L, xL; low-resolution
image and the original M1=M2 high-resolution image,
respectively, andk=1,2, . ., L,L; D(k) is the decimation
matrix with a size of LyL; =N M;, P(E) 15 the blurring m atrix
of sze MM, *» MiM;, and Wik) is the warping matrix of
size NI, =N M,

Consequently, three operstions can be combined into one
transform matrix Hk) = D(EP(K)W(E) with a size of L;L,; =
M;M;. Lastly, V(k) is a L;L; = 1 vector, representing the
white Gausman notse encountered duwring the image
accpisition process. Computing one high-resolution image X
based on Y1), ¥{3), . . ., ¥(LiL1) 1s the aim of the 3E image
reconstruction [8].

Super-resolution remains extremely ill-posed, since for a
given low-resolubion inpwt Y |, infinitely many high-
resolution images X sahisfy the above reconstruction
constr aint.

In this epproach, instead of direct computing of sparse
representation for lugh resolution petches , two coupled
dictionaries, Dy, for high-resolution patches, and D, for low-
resolution ones are considered.

The sparse representation of a low-resolution patch in
terms of Dy will be directly used to recover the comresponding
high resolution patch from Dy, We obteain a locally consistent
solution by allowing patches to overlap and demanding that
the reconstructed high-resolution patches agree on the
overlapped areas. We also try to train two over complete
dictionaries in a probabilistic model similar to [9] In thus
strategy, & locel model from the sparse pror is used to
recover lost high-frequency for local deteils The global
model from the reconstruction constreint 15 then applied to
remove possible artifacts from the first step and make the
image more consistent and natural

II. SPARBE REPERESENTATION

Sparse representation is a method which represents all
data of a linear signal combination as & small number of
atom s in an optimal dictionary. Thus, each signal is shown as
a combination of different atoms 3parse Representation has
various applications such as noise reduction, compression,
pattern classification and featwre extraction A searching
method to find out basic coefficients with a small data size 1s
called 3parse Coding In other words, decoding needs the
related atom s with appropriste weight.

Suppose we are given a dichoney D of generating

I . .
elem ents @k} , each one & vectorin CH, which we assum e

normalized: a_’fﬂ_’t = 1. The dictionary D can be wiewed a

matrix of size N %L, with generating elements for columns.
We do not suppose any fixed relationship between N and L.
In particular, the dictionary cen be over-complete and
contain linearly dependent subsets while it doesn't need to
be a basis.

Az examples of sech dichionaries, we can mention
wavelet packets and cosmne packets dictionaries of Coifman
and Meyer [10], which contmn L = N logN) elements,
representing transient harmonic phenom ena with a variety of
durations and locations, wawvelet frames such as the
directional wavelet frames of Ron and Shen [11], which
contain L. = CH elem ents for various constants C > 1; and the
combined FidgeletWavelet systems of Starck, Cand es, and
Donohe [12]. With such variety, individual elements in the
dictionary camnot celled ‘basis elements’ ; so the term of
atom is used instead [13] for further elaboration on the
atom s'dictionary terminology and other examples.

Given a signal 5 € CN, we seek the sparsest coefficient
vector ¥ in Cp such that D ¥ = 3. Fommally, we aim to
salve the ophmization problem:
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Minimize

7lp subjectta S=Dy. ()]

Here the [; nom "f/"n is simply the number of non-

zero element in . While this problem is easily solved if

there iz a unique solution Dv = 3 among general (not
necessatily sparse) vectors v, such uniqueness does not hold
in any of our applicetions, in fact such cases mostly involve
L == N, where such uniqueness is of course impossible.
Detecting these coefficients of an optimizing dichonary is an
NP-hard problem and needs some methods such as genetic
algorithm g with ability of solving these types of problems.

A Sparse coding
Suppose to have a traning set of image patches shown

ax & = {51, %, ...8q}, the problem of dictionary learming
from different patches of images can be defined as follows
D= argmin|S—D (3
gmin]S- D},

The optimal dictionary D consists of basic atoms, » i1sa
M-coefficient vector with minimum sumber of non-zero
components which any vector with combinetion of different
atoms, 15 able to regenerate the first set of patches used from
3.

To have the same sparse representation vector for image
patches, with respect to Dy, and Dy, the two dictionanies are
trained smultaneously by concatenating them with proper
normalization Then in the next step, two dictionaries of Dy
and Dy, are simultansously created using genetic algorithm
and baged on equation 3, they will be traimung with the same
¥ ~wector.

Iv GEMETIC ALGORITHM FOR THIS OPTIMIZATION PROBLEM

Since this problem is not & comvex one, separation
optimizes the dichonary and then the coefficients will be
optimized

B Genetic algorithm

The genetic algonthm (GA) is a search heunstic that iz
nommally used to generate useful solutions for optimization
and settle down the problems that vsing techmgues inspired
by mnatarel evolution, such as inhentance, mutation,
selection, and crossover [14]. In general, the genetic
algorithm iz applied to spaces which are too large to be
exhaustively searched.

In genetic algorithm there is an intial population whichis
created from a random selection of solutions. Then fitness
value iz asmpned according to & crteria defined by the
person solving the problem. This fitness is assgned to each
solution (chromosome) depending on how close it actually
ig the solution of problem.

Those chromosomes with a lugher fitness value are more
likely to reproduce offspring (which can mutate after
reproduction). The offspring is a product of the father and
mother, whose composiion consists of a combination of
genes from them (this process is known as "crossing over").
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Figure 3. Genetic algoritlmes flowchart

If the new generation contains a solution that produces an
output that is close encugh or equal to the desired answer,
then the problem has been solved If this is not the case, then
the new generation will go through the same process as their
parents heve done. One contirmes this process untl a
possible solubion is reached.

C Using Genetic algorithm for construcfion Dictionaries

In thus study, 3*3 patches are shown as a 9 trplet amrays
and dictionanies illustrate as a 9*%n two-dimensional arrays
where n is the number of atoms and 9 15 the length of each
patch. Genetic algorithm is used to build dictionaries for two
generations of chromosom es; for each Dy and Dy, dictionaries
are conmdered as three-dimensional and another three-
dim ensional atray as a coefficients

After genersting the orignal populstion, the most
suitable individuals are chosen to survave. Then the sutable
ones will mutate and survive.

Meamwlile, the unsuitable ones will compete to survive
between every two of them rather than being abandoned.
Then the winners will take the crossover to generate the
individuals thet survive to the next generation As a result,
we will find the global optimized solutions
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V. IMAGE DE-BLURRING BY USING OF DICTIONARIES
DL avp DH

After creating en optimal dictionary, the system can de-
blur the images as shown in figwre 4. The procedure is that,
the input file (blured image) v 1s divided to3*3 patches and
each patch is separately passed to the system to find the high
resolution equivelent of the patch itself

First of all, the coefficient wvector J for the patch is

calculated according to equation (2), and DI is found based
on genetic algorithm. Since D and Dy, were trauned with the
same coefficients vector, by applying ¥ to Dh, the high
resolution equivelent patch will be obtained.

Finally, by putting together these patches, the entire
image will be created. The flowchert of image de-bluring
method 15 sketched.

In order to increase the speed of the construction algorithm,
it iz possible to consider the mumber of non-zero elements
coefficient of ¥ equal to one.

Asg a result, The Euclidean distance can be used for de-
blurring and finding the nearest atoms are found very
gueckly. In figure 4, the flowchart of used m ethod 15 shown.

Owur de-blwring method's process 15 shown as pssudo
code in figure 5.

VI. EXPERIMENTAL RESULTS

In this research, different images of a velicle are utilized
as traiming data. Since in order to tram and test the system, a
set of blurred images and their lugh resolution equivalent set
and G aussien function are applied. Then, a set of features are
extracted in terms of patches with size of 3 x 3 for both sets
of low resolution Y and high resolution 3 images.

The rmuember of 170 different blwred images and 170 high
resolution equivalent sets are uvhlized as the database
and some of them are shown mn Fig 6, all of the images get
the same size to be used. In this project, each low resolution

and high resolution image 15 divided into 272000 patches of

size 3x3.
o

Sparie

Represen

LR image
(g

HE image

Genehe
Alaouth

fimure 4. Flowchart of image de-bhoring methed.

Input: traiving dictionaries Dhand D, a low-resolution
image ¥
1: Create 3 = 3 patches y of T
2: Solve the optimization problem (1) with genetic algorithm
ta find best ¥ vector.
3 Reconstruct SR image by using ¥ vector and D,
4: Ontpnt: super-resolufion image X
Figure 5. Psendo code of de-bhoring

The resuilts of our proposed method are shown in fig 7,
which shows acceptable result of the method The middle
and right column are shown first and second iteration of de-
blurring algorithm, respectively. Regarding to experimental
result the second iteration is efficient, and the perform ence of
next iterations 15 not appropriate.

Ezperim ental results dem onstrate the effectiveness of the
sparaity as a condiion for patch-based super-resolution and
the significant performance of proposed approach for plate
images. Also, experimental results show that the dictionary
size 15 related to accurateness of algorithm.

Larger dictionaties should process more expressive
power and tlms may yield more accurate results, while
increasing the computation cost.

Most single input super-resolufion elgorithms asmune
that the imput images are clean and free of noise, an
assumption which 15 likely to be violated in real applications.
To deal with noisy data, previous algorithm s usually divide
the recovery process into two digjoint steps: first denoising
and then super resolution Howewver, the results of such a
strategy depend on the specific denoising techmique, and any
artifacts during denoising on the low-resolution image will
be kept or even magnified in the latter super-resolution
process. Here we demonstrate that by formulatng the
problem into owr sparse representation model, ow method 15
much more robust to noise with input and thus can handle
super-resolution and denoising simultaneously.
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Figure 7. Fmalresal (Left cohmn: Input moages. Two mext colmon are
oatput of frst and second iterstion of de-blormig )
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