International

URRAS

Original Article

ISSN: 2349 - 4891

Journal of Recent Research and Applied Studies

(Multidisciplinary Open Access Refereed e-journal )

An Intelligent Character Classification Method for Automatic Li cense Plate Raognition

Nishy Reshmi, $, Revathy.dNair 2, Shermina.A.N? & Parvathy.P.S

Assistant Professor, Department of Computer Science, LBS Institute of Technology for Women, Thiruvananthapuram, Kerala, India.
2UG Students, Department of Computer Science, LBS Institute of Technology for VWomen, Thiruvananthapuram, Kerala, India.

Received 18h December 2015, Accepted 14th January 2016

Abstract

The purpose of this paper is to introduce a
robust method to address the problem of license plate
recognition on the basis of an illumination
compensation technique and intelligent character
recognition algorithm. To foster our aim, we firstly
frame the input video from into stream of images the
database. We then apply our pre-processing and
local normalization algorithms to remove the noise
and variance of lighting conditions. The image
registration is utilized for the plate segmentation
and feature construction. The improved cross
correlation and D-Isomap [5] analysis are used
separately for final stage in character recognition.
The experimental results demonstrate a significant
performance improvement achieved by the proposed
methods
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Introduction

Vehick’s license plate @mgnition system
has leen a sgdal aea of inerest in video
surveillance arena for more than @cdle or so.
With the advent of sophistited video vehicle
deedion systems for traffic  management
applications, number plate recognition system finds
wide varieties of plaes to fit itself beynd just
controlling accessto a toll colledion point or parking
lot. It can now be integratedo the video vehicle
detection systems whHic uswally are insted in
places of interest for intersedion control, traffc
monitoring etc., to identify vehicle that violates
traffic laws or to find stolen vehicls. There are a
number of échniquesused so far for recognitionof
number plates swch as BAM (Bidirediond
Associatve Memories) neural nwork characte
recognition [1] pattern matbing [2] etc.

Automatic lcense plate recognition (LPR) is
A process that may ulize automtc text extraction
methodsn order to extract plate numbdrem
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imagesor videos containing vehiclelscense plate. LPR
is utilized to ease the identifiaion of vehicles throug
their license plats. Whereve traffic management rel
securily control for vehiclesis required, auomatic LPR
plays an importat role. By installing monitoring
camerasin parking lots, higways, and inersedions, ad
utilizing LPR systems, violator drivers, lost stolencars
can be recogized from video images of the cinse
plates. For example automateaapenforcement detts
spedaling drivers using LR systems. After the system
coptured the peedingcar and their license plate numive
extracted and recorded, correspogdauthority will be
informed about this.

However the curm control systes are
manually cgpable of remote traffic control by opetors
who can pan, tilt and zoom the cameras from the
Traffic Contrd Centre to monitor the traffic and
continually adjust sigratiming to dleviate congestion
and reduce delag, the task of autortiadly aaoquiring
license plate from video images for autortia
recognition of traffic violators is still undereseart.
Furthermore, even though manontributions have dmn
made for automatic plate reaution, there is still no
stancdird methodology. Extrding plate  number
automaicdly is extremely difficult due to various
problems.

These problems may includieom difficulty in
finding the bstimage of vehicle in tempm modds and
seaching for platesin the frames, tovariety in image
orientation, Agnment, m addition to low image contsa
and complex adkground. While alarge nunber of
techniques have dmn proposed for chacter recognition,
only a few have usedideo seguernces and the rest va
usel databaseincluding only images. Another problem
is while segnentation of charactersis usually done with
much ease manually, it is difficult to be done
automaicdly. Furthermore at the stagof templates
comparison for character recognition, Tenbpla
Matching is usuayl evaluated using the square dis&nc
or the cross awelation [3]. Howeer, these methods are
not usually robust sinchey nead heary computation by
the preessor.

Since repesentation of characters, miols, ad
texture mg vary from one platdo another, LPR has
recently become country or even province dependable.
For examplecountries ach as Argentina India, aad Iran
have focused theirresearch oncountry depenalde
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license plag recognition. Sowe have chosento
present a province depdable methodology foLPR.
Anothe advantage of our methods ithatwe have
detected license plate autonti@dly under different of
lighting conditions.To be prepared for recognition,
the segmented chatacs of license plate are
normdized based otocal norméization. In order to
obtain béter accuacy and robustnes, in the pesent
method we propose the cross correlationd a
Discrimingive-lsomap (D4omap) for the ihal
dedsion.

Related Work

Reaognition algorithms reportein previous
research are generally composed of several
processing steps, suchsaxtraction of a license plate
region, segmentation of atacters fom the plateand
recognition of each charaet Papers that follow th
threestep famewak are overed according to their
major contributionin this secticn. The major goal of
this ®dion is to provide a brigeference souc
for the researchers involvedn license plate
identificaiion and recognition, regardless of particular
application areas(i.e, billing, traffic surveillance
etc.).

LPR involve issues that matter a greatld
to researchrs asthey seek to develop the most
robust and fastest system of recognitione Tésearh
may be dedicatedto one a&pect of LPR such a
resarch onlicense phte locdization, or segmentation
of charaters [6]. However a compieand successtil
license plate recognition systeis a chdlenging
process that includes sme pre-pocessing, kense
plate localization, template matchinghda finally
recoqizing the charaets in the plate and gplying
Optical characterecognition (OCR) to wnvert the
charactes to text and save therin a file. Approaches
that hae been propsed in pre-proeessing to handle
the illumination problem irdade illumination
insensitive representations, modelling of illumination
valiations ad illumination norméization to a
canonicd form. Exampleof this ecindogy include:
Tan and Tiggs [7] systen working under
uncontrolledlighting basedn robust preprocessing
and a extensionof the local binary piern (LBP)
local texture descriptor. Another esach [8] used
sphericd harmonicrepresentation to explain the low
dimensondlity of images under  diffent
illumination conditions. Let d. [8] presented a
method for indoor, coapative-user applications,
including adive near infraed (NIR) imagirg
hardware, algorithms, ad system desig to
overcome the problerof illumination varation: an
illumination invariant fae representation is obtaide
by extracting LBP featussfrom NIR images.

After illumination compensation one of the
greatest chkengesin LPR is spotting theregion
where charactersaare placed. Some aproach in
literature of character smgntation does not even
attempt to isolateead characterin the plate and
instead, template matchings applied diedly on the
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whole plate imge [9]. Common techniques to @et the
characteregionsin a plate ledized input image include,
edge detetion, mathematical morphology, Connette
Components Analysis, genetic algorithmadalateral
histogram analysis.

After locdization the broad issues of character
extraction is Bcessary for resarchers to investigate. To
recoqiize eab character, seral macine learning and
non-nachine learning algorithms haveeén employedin
related papers.ded- Forward NeutdaNetworks, networks
trained by the BRIS learning algorithm, Sel®rganizing
Maps, PRobabilistic Neural Netwdss and Enharced
Neural Networks, &some of tle machine ¢aning based
algorithms that hae been applied. Non-nadhine kaning
methods include critical point extraction, and template
matching.

Isomap is aisometric feature mapping that was
first proposed by Tenenbaum, and ¢spable of e@ding
with curse of dimensiotidy. First, in Isomap bask
methodology nonlinear dimensiditg reduction has
warant. It wdl justifies to kan comple embedding
manifolds within a single global siem under dca
geometric metris. Second, by usingeodesic distares
instead of Eudidean distarces, the manifold structure of
the input space will be enmded to distarces, i.e. a
sparse gnah in which eat nodeis conreded only to its
closest neichbours is constructed nd the geodesic
distance baveen ead par of nodesis takento be the
lengh of the shortst pah in the graph that comats
them.

Yang proposed the Extded Isomap(El) [10]
for a face recognition, which was utilitdoy a Fisher
Linea Discriminant (FLD) algorithm. In anothework
by X. Gerg an improved vesion of Isomap ] is
proposedin which neignbourhoal graph of the input data
is constructechcoordingto a certan kind of dissimilarity
between data points. It is swally designated to
integate the classnformation. In this papenve propose
aD-Isomap based method to solve the LPR problem [11].

Proposd System

This work consists of six steps nd the
performance of tiense plate lodezation iscrucial for
the entire system, since itatity influences the
acaragy and efficiency of the subgeent steps. W&
heavily focus on the incomporation of local norméization
with Optimal Adaptive Caelation (OAC) [4] tedchnique
to automéicdly deted the license plate on video
sajuerces. As the first prt of the process, eadrame
of the input videosequerces is extacted and procesde
through illumination compensationThen license plate
candidate regionsare roughly located, which has been
adiieved throup candidate seddion by OAC. After
license plate lodazation the segmentation is applied
utilizing an edge detection methodology. Finally in
character identifigtion sdion the praedura limitations
of frame based classifies are outlined ad video based
experiments are apptle The six stages of this process
are shown in Figure 1ral can be defined as follows.
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Figure 1. Generaktructure of LPR sgtem
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A. lllumination compensaton

The problem of brightness varation is
possibleto be generally corrected by nornizing to
a given intendty level, which includes gama
intengdty correction (GIC), difference of Gasan
(DoG), local hisogram matching (LHM and locd
normal distribution (LND). i GIC the goalis to
achieve as close as possible taa caonicdly
illuminated image compensating pixel values the
image by exporentiation. The resulting, whichs i
obtained ly transforming the inputmage pixel ly
pixel over its position is a function of opaim
Gamma coefficient. The DoG filter is then  apglie
for removing the intesty gradientsfrom the image.

LHM integraes the information to the Igbd
histogram distribution. Assuming the gray vatue
drawn from a normal distribution, LND is then

applied for the normalized outpimage.

B. Candidate dection and license plate locaaton

As we praea further in the process, to
locae the license plate candidate, OAC on the
normdized images is consiled. An advantage of
usng OAC algorithm is that the pyramid of
downscaled copies of the inpimbagesdoes not el
to be used and thus gives a higverall @moe to
the procss.

C. Character ggmentation

Basically, the algorithm of the dense
plate locationplays a key rok in this system. In
order to exract thelicense plate moreacairately,
we decide to implement the algorithm for the
binary image. After the image ppgecessing, we
obtained a appropride binary image. &cording to
the analysis for tk feaure of the Icense plate,
typically, the white pixks shoud be correlated witla
licerse plate. However, therare some intderence
factors to interfere reorgization, suwch as logo of
the ca and so on. Therefoe, goplying the lengh-
width raio for license plate which we ka been
sd, we could extract the ¢diense plate correctly.

In this algorithm, we shouldtrea the
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binary image & a matrix As we know, when

extracting the rectangle, we should know the 4 points

coordinatesto limit the field. Therefae, we divide tls
algorithm into two steps. First stép to find the two y-
coordinates ad the secondis to find the x-coordinates.

J
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r

Y ’ »

X-axis X-axis
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Figure 2. (@) It displays the first step of this
algoiithm. (b) It shows theexond step of the algoithm.

(@ In this step, we find the white pixels and
acaimulate the pixke values inead row. For every y-
coordinate, there isa corresponding sum alue. We
should find the maximum sum valuendarecrd the
corresponding y-oordinate to 1 and PY2. Nek we
seach up &ad down along the vedd diredion for
finding theteminated coordin@ which can be teaed
as the edge of thiécerse plateTherefore, using a loop
to look up alone y-ais until the sum of some
row’s pixel values rduced to less than 5, PY1 was
recorde and look downurtil the sum of someow’s
pixel values redeed to less tha®,PY2 represat the
another termination value(Figurgal So far, we hae
obtained two y-coordinta (PYland PY2) to limit some
filed.

(b) In this step, our purpose i® find the two X-
coordinateswhich we cdl P_X1 and P_X2. After the
previous step,we obtained aregion whichis limited by
PY1 and Py2. On this basis, we couldlo some
operation to extrac the lcense plate We createa
loop to find the PX1 and PX2 firstly. The ideaof finding
them is similar with the previous step which i®
cdculate the sum of pixel valuds ead column. Vé
could obtain the PX1 and Px2 along the
horizontal diedion. So far, thefour coordinates which
are PY2, PY1, PX1, andX¥2 could define a rectangle;
see Figure 2(b). Actually, this aengle represents the
license plate.

Adjust license plates which are in the dferent angle
There may be someats of license plate that
are disapparing if this plate is tcertain diferent
angle to the ohlmver. Firstly, the cuttig range should be
increasein cutting procss, because both of the letg
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and width from the oblique plateare longe than
that of horizontal plate accordjrio mathematic.n
the Figure2 (a), we assume théat is the lenth and
W is the width of license platelf the license plates
the different ande to theob=ver, swch & Figure 2
(b), the widthis WL (W1>W) at least in the area
we nedl to cut from the original image.

Figure 3: The principle of maéhematic

After that, the rdon transformis used to find
out the anlp beween the license platen@ horizon.
Before we use tk radon tansform to adjust license
plate, we test the basic function of radorartsform.
A simple image which is similarto license plate is
created, ad we work it in radon tansform at 0, 45,
90 degrees sepately [R, xt] = radon(l, [04590]);

In this preessng, the edge dstion
should be done fitly. During the test, the resutif
the canny detections beter than others ways. Then
acording this principle, we earch for the anlg
between license plate mad horizon. In other word,
we red to find outwhich angle the license plate is
projeded in nodly. At last, the maxnal angle
we should find out and save Nex, the funtion
re-rotate isused to adjust thdicense plate to the
horizontal diedion dependingntheangle.

Extract the in more adsanced
detailing

Before segmenting the déinse plate, some
basic pe-process is still recessary. Because we
exped to obtain a relatively perfect binary imge
for the operation. So far, we have alrepéxtracted
a license plate with its angle jadted. Next, we
would remove some interferencevhich is the stuff
except the charadars.

Firstly, we onwert the graysde image to
a binay image. The outpt image replaces all
pixels in the inputingg with luminance
greater than a threshold value with the value 1

license plate
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(white) and reglaces dl other pxels with the value 0
(bladk). We used the function to compute ttheeshold
valueargument.

Sewndly, in order to optimize the image, we
should @ply some morphologid operations to the
binary image. One of the morphologi operations is
repesented by a function which removes the H-
conreded pixels. Another morphological operation is
applied by a function. It removes the spur pixelat
last, in order to remove small objects, we would
morphologedly open binary  image. This function
removes from a binary image all a@nmneded
components (okjds) that have fewe than some
pixels, producing another binanypage So far,we could
obtain the license plate. Howear, the black border is
also still exist. Therefae, in next step we would
establish a furtton to remove the leddk border The
idea of creating ths function has alittle similanty
with the ideaof license plge location. If we can find
the four oordinates, te rectangle which gt contains
the charactegs and EU symbols wouldbe extracted. To
this goal, we sealhc up am down tke y- coodinae
from the haveof the size in the eertical diredion.
There is a value to determinewhether the loop should
continue or terminate. After huge numbre of the
experiments, we findthat usng a function to find
the aveage value to be the threshold is appropriate.

Typically, as for the two X-coordinates, we
make them 1 and x spedively. Therefore, we could
extract the image by four coordinatéActually, some
interference factors outside thedise plate have sorfa
been removed. However, some noige the license plate
has not yet éen removed. Therefore, the morphologi
operation is necessaary again Segment the cheters out
from licenseplate.

The claracter segmentatn is a significant part
in this systen. We estabBh a function to segment the
characte

e 210

Horizontal direction«

Yy

Y-axis

Figure 4. character segmentation

At the beginning, we makeithmatrix oppogely.
Then, we use the sunufction which is to return the
row vedor of the sumsof ead columm. Nex, we
should resarch matrix along the horizontal éittion by a
loop. Accordingto the sum, we could creathe limited
condition to judge whether the loop continue or
terminate. The limited conditions when the sum of
some columns less than 1 and the suof next cdumn
is greater than 1, then it will be greented from this
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column to Iefore. Certainly, if the condition isn’t
satisfial, it would continue to search. If the car
is bdonging to Europe Union, the charactedded
one logo is 7 blocks. Erefore, it ra segment
14 times in total. Othrwise, it just reds 12 times
segmentation. In the proseng of segmentation, we
seta counter tocdculate how muclsegmentation
the programming @ed to segment.

D. Character Identification

Cross correlation is conged asa gererally
signal matching, computationgllexpensive method
and used in image registration. The preess of cross
correlation basd classifcaion is shown in Figue.
This methodgives the numecd value of simihrity
between the characteand its matching templateral
is classically defined with the bellow formulation

>3 (4-4) 3,-B)
253 | ST (85 |

\mon

s

J\m n

Given a segmented (isped) character and the
templats, which are defined agdl structure of fixed
pixels for 26 elements of leterand 10 elenens of
numbers, B cross caelation the matching
characte can be easily extracted. It compas fedure
vedors to the various radels and finds the closest
matd. One can use a distanceeaure. B
charactercan be consicered as a pdf in the featar
space The 2-D momentsf the claracter are shown
in the following ejuation

‘n .q ~ . 3
M, = z Z.\’_\ f(x.v)

From the moments wecan compute feares
using: a. Total mass (number of pixén a
binarizedcharacte), b. Centroid (Center of mass), c.
Ellipticd parameers - Eccentricity i@io of majorto
minor axis), Orientation (anglof major axis), d.
Skewnvness, and e. Kurtosis. Given labeledssef
features for may characers, where the labs
correspond to the particular classes that theratters
belong to,we wish to estimate a statisd model br
ead character class.

B. D-Isamap based appaah

The D-bomap based methods used for
the find recognition. It has three steps: Construct
neighbouhood graph. Compute shortest paths.
Construt d-dimensionh embedding In construct
neighbourhood igph step. a pointis a neighbour
of ary other pointif it lies within a fixed radius Q or
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is one of the K closest pointso it. The neighbourhood
graph is constructed with dges eual to thedistance
beween the points. 1 the step of compute shortest
paths, the geodesidistan@ between all points is
cdculated ly computing the shortest paths in the
neighbourhood graph. Classical MDS appliedin the
last step to obtain a low dimensibnambeddig of the
data. This method provides a simple solution to obtain
the low dimensiorla embedding and discovers the
discriminative structures on the manifolds. It hathe
cgoability of discowring the nonlirra degrees of
freedom and finding globally optimal soldions
guaranted to conwerge for each manifold. Finaledision

is made using a Neest Class Center (NC) algorithm

to ddermine the emotion classe Unlike other
altemaives swch as EM or nearest-neighbours
algorithms, NCC consafs the centers for the tusters k
with known labelfrom the taining data ad gererdizes
the dass center for ead emotion goup. The derived
clustercenters have more avations than the original
input features and thus expands dhgeadty of the
available data sets. &llassifcaion for the test da

is based on the nearest distance tdetasscenter.

Experimental Result

In order to evaluate the performanand
robustness of # propogd algorithm against the
disturbancessich as: the in ead image of the license
plate frame, theplate colour ad the non-unifom
illumination, we used a datdseha consists of videos
avdlable on the Weand videos remded by ourselves.
All samples are running at 30 frames pewsd on
images of 320240 resolutions. Vides in this dataset
containOntario license plates at differerstizes, lighting
conditions and poseand at various positions. Figeb
shows some samples from this dataset. The experiments
were implementedon a QuadCPU 2.4GHz PC with
3.25 GB memoryunde the Windows XP operating
System.

Figure 5. Samples of Oatio licenseplatesfrom the
dataset

A. Normdization Reuts

To ensure thalighting variants would not affect
the outcore of the plate recognition, the pre-processing
step is applied for the input videogsene. By the
illumination compensationt shows that the histograms
of dl input frames are widely spread to cover the
entire gray sde, and the distribution of pixelsis not
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too far from unifom. Examples of the filtred
resuts of the originalimagesare shownin Figure 6.
As aresut, dark images, bright images, and low
contrast image are mub enharced to haw an
appearance of higcontrast.

8000

4000

S0

I
e ,
O 1 0 os
6000 ¢ —
4000 § {
2000 1
- 3 0
1 5

Figure 6 Samples of fiered normdi zation results

N ¢

B. Character Baognition

In this sedion sewral experiments were
performel to evaluate our proged methods for
LPR using the above mentioned dataségure is
the resuts of carelation baween ead chaader
with the entire template The value of the corelation
for each character is maxized, whenewe it
matches to its template. Theorizontal axs is the
index of eath character rad the verticd axis is the
index of templats. Thelineaity of the gaph depicts
that correlation is swessful in  character
classficdion and its accuracy is about72%. As
Figure above alsshows, the D-$amap based method
has a higherecognition rate. Theacaracy of this
method is about 91 %.

Conclusion

This paper has proposed a dcaer
recognition algorithmin order to peform the IPR
However, character recognition has extensive
applicaions rather than LPR. s widely used as a
form of daa entty from some sort of original
paper data sooe whether docments, sales esipts,
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mail, or any numberof printed records. It isrucial to

the computerization of printed tisxso that they can be
eledronicdly seached, stored more compagctly
displayedon-line, and used in machine processes such
as machine ranslation, text-to-speed and textrnining.
The promsed method & number-plate charaes
recognition uses coloration to classify the extended
futures. This method is based on template matching and
is in orde to improwe recognition rate and dece
recognition time.
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