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Abstract—Localization and Recognition of License registration None of the system is independent of position, rotation and
characters from the moving vehicle is a computationally complescale invariant plate analysis. The primary objective of this

task in the field of machine vision and is of substantial interegork is to minimize the number of restrictions and produce a
because of its diverse applications such as cross border security, eralized solution for LPRS that is aptly suited for

enforcement and various other intelligent transportation applicatiors. estricted dimensions of plates as well as relaxing different
Previous research used the plate specific details such as aspect rg% P 9

character style, color or dimensions of the plate in the complex tadiminations. The proposed system consists of the following
of plate localization. In this paper, license registration character ases of operations: In image acquisition and quality frame
localized by Enhanced Weight based density map (EWBDMjelection, a video camera attached to a frame grabber gives
method, \_/vhich is indepent_jent of such constraints. In connection Wimage sequences. From this sequence, the frame with best
our previous method, this paper proposes a method that rela&fa”ty is taken by using support vector machines. Pre-

constraints in lighting conditions, different fonts of character . h ¢ lected i ¢ | land it
occurred in the plate and plates with hand-drawn characters RRocessIng phase converts selected Image 1o gray level and 1t1s

various aspect quotients. The robustness of this method is well suitéed for edge detection process. License plate localization
for applications where the appearance of plates seems to be vapi@se extracts license plate candidate regions from a complex
widely. Experimental results show that this approach is suited fgtene using EWBDM that provides self-determining of aspect
recognizing license plates in different external environments. ratios of LPs. Connectivity checking is based on vertical-trace
method that extracts LP characters with independent of

Keywords—Character segmentation, - Connectivity checkingyaiation of plate drawings. Segmentation is performed with

Edge detection, Image analysis, license plate localization, licenggnstraint checking which avoids detection of special
number recognition, Quality frame selection g P

characters as license number. Thinning is a process to detect
|. INTRODUCTION font independent LP numbers. The Gabor filters are used to
. . . extract features from the thinned characters in order to make
ICENSE plate recognition performs an imperative ", . . :
L . . -~ “them as position, rotation, and scale invariant patterns and then
responsibility in several transportation applications,

.. . . .__Is fed into Hamming neural network to rapidly recognize the
Recognizing the license plate of a vehicle from a natural ima 3 9 picly 9
aracter patterns.

is a complicated process that involves the detection of t ®he organization of this paper is as follows: Section Il
license plate and recognition of characters on the platse. marizes the literature on the previous research. The
Natural scenes give many multi classes and different types cl>me . IS
poses from that localizing the license plate is the mo roppsed methqd for I__|cense pla_te recognition is |Ilustr_qted
. . ection lll. Section IV illustrates License number recognition
challenglng process. These types of issues are referred fScess and Experimental Results. Section V gives the
coarse-t_o_-flne strategy [1]. Most of the L'C‘?”Se_ Pl_at oncluding remarks on the work and future enhancements.
Recognition systems (LPRS) are suffered with lighting
variation problem because it may not get the proper edge of
the shape of interest in different lighting conditions. LPRS ) )
techniques differ in accordance with different types of License plates (LPs) have been localized by looking for
applications. Many techniques have already been suggested $ffangular LP edges in the image edge map. The prerequisite
Park et. al. [2] and Hegt [3]. However, these systems are r§8 this method is that the license plate should exhibit sharp

viable in adaptation of variations in different aspect ratios ?ctangular edges. However, if the color of the_qar and the
. - . icense plate are almost the same and the transition from car
plate dimensions. Most of these techniques put a lot

. . . ody to the LP is not very distinguishable; in that case the
constraints on the size and color of the plate, the size of

I, X X tangular edges of the license plate will not be visible.
characters, position of the vehicle, stationary backgrounds afflarefore LP localization using only the edge map is not very
fixed illumination.

robust. In [4] color histograms were used to locate the license
plate. This technique fails under different lighting conditions
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[6], [7], [8], [11]. This method would fail when the aspectboost the speed of QFS system, the bottom half of the input
ratios vary drastically as observed in Indian license platesequences are chosen for quality assessment. The frequency
System [3] utilizes intelligence neural network to process th#istribution of input image sequences is measured using
image and localize the license plate. Other methods in [2] thdurier transformation. Then, the transformed frequencies are
have been aimed at relaxing the constraints on the complexdgregated into low, medium, high components. From these
of the images have been successful in achieving lesser faggs, the feature descriptors (FD) are extracted, which consists
detection rates. But the system remains to be improved furthgf airs of features from the input sequence. The first feature is
Thus many effective techniques have been proposed and CIQ 5t spectrum power of an image and second one is the

i or desi h But laborated b%ltio of the medium component with other frequency power.
making any major gesign changes. but as elaborated a ese two sets of features are fed to the support vector

license plate recognition requires an approach that is Suned.rﬁéchine to differentiate clear and motion blurred vehicle

a wide variation of plate parameters such as color, font size . . )
b P ges. Fig. 1 shows clear and motion blurred images and

and style, plate dimensions, even different size of character§h i Fouri Eq.1-2 d bes the lecti
the same plate, and some special symbols. their Fourier spectrums. Eq.1-2 describes the feature selection

process.

Ill. LPRSALGORITHM

into the LPRS. The input sequence is first digitized into
individual frames that have a resolution of 640 X 480 pixels.
Quality Frame Selection (QFS) module selects an appropriate
frame from the input video sequence and passes it to the pre
processing module.

An LPRS requires only image data contained in the actual
license plate. The image pre-processing module removes
unnecessary data and thus saves a large amount of processi
time in order to do the localization. Edge detection module
distinguishes all possible sharp edges in the image. The licenst
plate region is characterized by a dense collection of edges

(d)

formed due to the difference in intensity of the dark Fig. 1Fourier spectrums of clear and motion blurred images.
foreground and light background of the plate. In connection M-1 N-1 A A

with our previous work [17], EWBDM highlights these ~ F(n,m)= Z Z f(x,y)e 1 (Z M grizrNom,
regions of high edge density for diverse aspect ratio of plates. x=0 y=0

Besides that there are two important tasks involved in then=01,.M -=1,m=01,...,N -1, 1)
license plate identification process, character segmentation and

recognition. The final module verifies the characters by means @ =(@g + @ + @, @/ (g + @), (2

of syntax checking procedures and produce accurate license . . ]
number. Each of the above mentioned processes are discudéagre, F(n,m) is the 2D discrete Fourier spectrum of a
in detail. vehicle image,@, ¢ and ¢, are the power of low, medium
A.Image acquisition and QFS and high frequencies respectively. Support vector machine is
This module is responsib|e for acquiring image Sequenﬂ’@iﬂéd to distinguish clear and motion blurred vehicle images.
from a video camera. The image acquisition system outputéigre we assume each pattegrhas been transformed toy¢
sequence of captured frames. The frame selection mod(ife: Whereo (.) is an appropriate nonlinear mapping. For each
picks the best frame from the input sequence and th&h the n patterns k =1, 2, 3,...... . N, let z +1 or -1,
precedes remaining operations. In the still camera capturi ,((;ordlng to ﬁa;t?rn kin Cla:ffll or clasgnz. In ths Casg("’i
there is a chance for producing a single image with smearifig? 2 &€ ca et' (Tatu_:_?]s 0 cearktxlxm ;n‘:rt]'on t\‘jv"e y (Z( .
artifact. This type of blurring artifact affects the area of the L ages respectively. The separation of these two data Sets
. . eIPngs to the category of linear separable. This method
and subsequent operation of LPRS. Since, the sequence_0 - -
. o - . . separates data from these two categories by optimal hyper
vehicle capturing is more robust than the still image acquirin

H he vid . d Fs lane. There is some choice of weight, w and positive margin,
owever, the video capturing process needs QFS operatioirpe yaye of w and b should satisfy the condition as in Eq. 3

because, capturing device produces 25-30 frames per secofilj sych that equality is achieved on at least one point on each
in that, all vehicle images are not sharp enough and clegge of the hyper plane.

characters in their license plates. Thus, we present an effective
scheme to appraise image feature by analyzing the frequency Yi(W.X; +b) =1, ®)
distribution of the vehicle image. This method is capable

(&)Af/here and y are the data set points, w is a weight and b is a
differentiating clear and motion-blurred images. In order X y P ’ 9

tBositive margin for hyper plane.
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Assume that xand x achieve equalitand y = 1 and y=-1 1 && . 1 NMo
respectively. It states that , is one side of the hyper plane, s =5~ ZZb(I,j),,uF = Nr zz f(i.]), (4)
! . ; . P Q54 N*ME&
which represents clear image data and &nother side of the
hyper plane that is motion blurred image. Clear and motion
blurred images produce a compact and scatter clusters in thdhresh =
feature space, respectively.

B. Image Pre-Processing where P and Q are number of background pixels, N and

The only relevant image data required for license plafd are number of foreground pixelsb(i,j) and
recognition is the license plate of the subject vehiclef(i,j) are background and foreground information of
Eliminating unnecessary data greatly save time and boosts {Hg image, respectively

efficiency of the system. This task is performed by gral\étep 3: Minimum and Maximum of threshold values are
conversion followed by edge detection. The image i ’

. A . osen from Step 2.

processed in a bottom-up fashion, as the license plate tend§qo P

be in the lower areas of the image. In the perspective of imageE. Edge Detection

capturing, LP is occurred most of the sessions in the lowerThe Lp |ocalization process relies on edge information of

area of the image. If distance of the capturing is larger than #® | P characters. Edge detection can be carried out by
normal distance, then LP occurs at top portion of the imag&nvolving the image with kernel masks like the Sobel filter

Hence, lower area searching is enough and reduced enff{§sk. We propose an edge mapping process using the
searching in real time implementation. Thus input image {greshold method as

flipped vertically before further processing.

‘/’[B + :UF‘
R (%)

C.Gray-level conversion gix, y) =ayy
The license plates are different types of background and _ 0 if0slayyy -a,,lsUT ©6)
foregrounds, for example, black background with white oa xy) = 255 if LIT <|agyy,Y ayy S HIT '

foreground license number. However, LP design specificatio%en' (eo g) is a composition function of g and e = h, from
are not restricted in most of the countries as well as in orderdgyy 1o (0, 255) where g is a function from ordered pair to
generalize the LPRS the color independent is an essential tqﬁ;@s in the image, e is a function from pixels to 0 or 255.
This approach uses gray level pixel values for locating the, | denotes a set of pixel values in the gray level image. LIT
LPs. This compensates for the change in shades of the colag HIT are lower and higher intensity thresholds respectively.
caused by different lighting conditions. For example, at dugkpplications with external illumination have different LIT and
white appears to have a slight red tinge. The gray imagHT threshold values observed from the optimal module.
contains only essential data for the further phases of liceriBeese values may change in application where lighting
plate recognition. In the conversion, RGB componengonditions vary drastically. This enables the system to
transform by eliminating the hue and saturation information @@mpensate for varied lighting conditions i.e. time of day.
chrominance components and retaining the luminanceg |cense plate localization

information of the lower half of the image. This process is critical to the success of any LP recognition

D.Optimal Threshold Computation system. Many techniques have been proposed for this task.

Vehicle images are captured in different illuminationsSoMe techniques use the color of plate to detect it [4][12].
Hence, there are many chances for producing false positivedast of the plate localization algorithm rely on plate specific
locating LP. To avoid false detection, we adopt optimdifOPerties such as Ioo!<|ng for rectangles.wnh standard aspect
threshold approach to choose the threshold values for edgkos [5][6],[7],[11]of license platesr looking for edges that
detection process. This method based on approximation of ff€ €dqual to the standardized length or width of license
histogram of an image using weighted sum of two or mofdates[8]. .These te(;hnlques cannot be adopted in countries
probability densities with normal distribution. The threshold i¥here strict regulations on plate parameters have not been
set as the closest gray-level corresponding to the minimdfiPosed. For example, Indian license plates exhibit a wide

probability between the maximum of two or more distributionvariation in their aspect ratios as shown in Fig 2.
which results in minimum error segmentation. The proposed method for LP localization involves two

The algorithm of the optimal threshold method is as Phases, in the first phase, the Extended Weight Based Density
follows. map method locates regions of high edge density and the

Step 1 There is no knowledge about the exact location of tHPordinates of these rectangular regions are stored. Next,
vehicle object in the given image, hence, consider as S@nstraints checking are performed to filter out the rectangular
approximation that the four corner of the image contaiffdions where the license plate is available. This method
background pixels and remainder contain vehicle objects. ~ €Xploits the fact that, the edges are denser in the region
Step 2 Computeps and pe as the mean background andcontaining the license plate than any other region of the image.

foreground of the gray-level, respectively. Threshold value &2 detérmine the concentration of edges the weight assignment
calculated as in Egs.4-5. scheme described in Egs. (7) — (11) are applied.
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BL3C V6265 _ ,T—‘:'lf\ fﬂﬁ stored in ‘p’ for use in the calculation of weight decay. If
V6265 [ s L however the next pixel is OFF, then EW decremented as

shown in Step3. Notice, that the degree by which the weight
W, decays depends on both the decay condlamis well as
- T the distance between current pixc_el and most recently

| v 6600/ TSH3033 TN38 1208 encountered edge. ‘p’ holds the location of most recent pixel
and ‘i’ holds the location of current pixel. As a result, the
weight decays at a much faster rate where edges are sparse as
compared to regions of dense edges. This weight is then
allocated to the current pixel. The procedure is repeated until
all pixels in the current row have been exhausted. The process

The weight allocation is done in a manner such that th@repeated for all remaining rows of the edge map.

degree by which the weight increases or decreases is directlyThe peaks denote areas of concentrated edges. The areas of
proportional to the distance between current edge and n&igh edge density obtained in the EWBDM were compared to
edge. Similarly the decrease in weight is directly proportion#te corresponding areas in the input images and this approach
to the step size of each weight increment. This equation a,grlved at a threshold value that can be used to extract the

e oy TN
T B = s UPI2ABA303 ssixszss

derived as follows: possible plate regions. The implementation of this scheme
It can be stated that Weight decrement is directly proportiorfoduced best results for the
to(i - p). Therefore, values) =0.03,y=3 and S=7. EWBDM is used to draw

i-x i i-p<T lines over areas of the image that interpreted as possible
! (") Jicense plate regions, in other words lines are drawn over areas
that contain text or text like entities. The coordinates of these
lines are taken for finding exact location of the LP.

EW, 4o @ (- P) {

Weight decrement is directly proportionahtoT herefore,
EWt _decr a y (8)
From (7) and (8), we can derive

pP-X; otherwise

G. Attain plate coordinates
Once the extended weight based density map algorithm has

q _ p) =20y ©) been scanned the lower half of the image, coordinates are
Whered is decay constant. Therefore, stored. It represents the regions in the image that may be part
EW, = Zn: t, (EW, + (px, )y + @L- px,)(@y( - p)) (10)  of the Iicensg plate. As stateq earlier, the lines are dra}wn over

i=1 all the text-like regions. This method has to examine the

t, = ((EW, —|EW,|) /- 2EW,)B) + (EW, +|EW,|)/ 2EW, (11) weight table and extract rectangular coordinates of the regions

Where n is the number of coordinate points, i is a coording#@ntaining the text. Two methods are used for this purpose.
of the current edge, p is a coordinate of the previous e}dge'The first method scrutinizes the table entries and groups

is a Extended Weight increment factgs,is an initial weight together the lines vv_hose X-coordinates are 5|m||ar but Y-
coordinates vary slightly. In other words, the lines of

and EW,_qecisa weight decrement factor and EW a weight - 555-0ximately equal length that vary only in their vertical

value_. . . component are grouped together. The extremity values (top

Algorithm of EWBDM is described as follows: left, bottom right) coordinates of each collective group of lines
are stored in an entity descriptor table (EDT). Each of these

Step 1:Assign current pixel position =1 EW, =0 extremity coordinate sets specifies a rectangular area where the

Step 2: if current pixel is ‘ON' and EW <T then text might be situated. The next methc_)d is used to mak(_e sure
that the rectangular regions do not clip the characters in the
EW, = 8 otherwiseEW, = EW, + y license plate. It uses EDT as an input and takes each
Step 3: if current pixel is ‘OFF and EW, >T then re_ctangular region into conS|derat|or_1 and performs a column
_ wise pixel scan near the left and right ends. If the extreme
EW, =EW, -dy(i — p) columns show a presence of more number of ‘OFF’ pixels, it
Step4 i =i +1, Repeat step2 and step3 uiitiz N means that th(_e rectangular region _has clipped part _of a
character. In this case, the column wise scan proceeds in the

EW, represents the continuously varying weight of each row outward directio_n until the clipped_ character has been cove_r_ed.
the edge map and depends on the density of edges in the arréen the coordinates qf .the partlpular rectangle are modified

. ) 2 and chosen for connectivity checking process.
under scrutiny. A raster scan begins at the beginning of every
row of the edge map. When the first edge pixel (ON) is found,
an initial weight of Bis assigned to EWThis weight is then - i _
associated with the particular pixel and next pixel is After _derlvmg the possmle_ plate_ coordinates, the plate
investigated. If it is an edge pixel, the weight EW¥ portion is extracted from the input image then converted to

incremented by the weight increment factpend then it is bicolor model which makes the plate as a color independent.
Hence it provides good results for the LPRS system in which

allocated to the current pixel. Also location of this pixel i?he constraint of color occurrence in the LP is relaxed. A

IV. CHARACTER SEGMENTATION & THINNING
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popular scheme for segmentation is the histogram method [dider to zero in on the rectangle that corresponds to actual
[9] in which the characters are segmented in the regiqbate, we check whether the blobs have dimensions similar to
between two crests of the histogram. However, this scherti@t of license plate characters. This acceptable range is
would fail if the characters on the license plate appear in tvderived from a field study of the various possible character

lines. Thus the proposed approach uses connectivity chesikes. This constraint checking process eliminates the chance
algorithm and is supplemented with constraint checkingf blobs occurring due to dust, black spots and other designs
During connectivity checking, the size in terms of pixels andn the license plate to be classified as license plate characters.
also the extremity coordinates of each connection of character%

are recorded. The algorithm of connectivity check is described Resizing and Thmn!ng
as follows: After the segmentation, each characters of LP are converted

into fixed rectangle of size 60*40 wusing bilinear

Step 1 Converts the plate region into binary values that is tel@ansformation. License plate characters are different faces in

area transforms into ‘ON’ values and non-text area becomi@§it and size. In most of the countries, plates widely vary in
‘OFF’ values. different font of English characters. Hence, in order to make

LPRS as a font independent, thinning is another important
Step 2 Calculate the dimension of the plate and let M and &Sk, which transforms contour of the segmented characters to
be the height and width of the plate, respectively. Assign mirk Set of thinned lines. These objects consist of topological
= M, maxx = 1, miny = N and maxy=1. Raster scan begirfructure of the characters that extracts the outer boundary of
from the top-left to bottom-left portion of the plate and finghe character from the given contour objects. It removes
out ON values in the plate. unwanted pixels so that an object without holes thins to a

minimally connected stroke, and an object with holes thins to a
Step 3 If ON is found then assign minx = min(minx,x) andconnected ring halfiway between each hole and the outer
miny = Min(miny,y). Call searching process to check 8-wafoundary. The algorithm of the thinning is described as
connectivity of pixels with constraint that the entire ON pixel&ollows:
lies with in the dimension of the plate. ] }

Step 1 Contour region points are assumed to have value ‘ON’
Step 4 if ON value lies in the dimension of the plate and nex@"d background points to have values ‘OFF'. It successive
connected pixel is also ON then assign, minx = min(minx,kpasses with two steps that a contour point is any pixel with
miny = min(miny,j), maxx = max(maxx,k), and maxy =value ‘ON’and at least one 8-way neighbor value ‘OFF".
max(maxy,j), where k, j is a new ‘ON’ pixel coordinates. Call
search procedure recursively to fish all connected componeft§P2 If number of ON of P1 range from 2 to 6 and total
in the plates. The visualization of connectivity results j§Umber of ON to OFF transitions is equal to 1 and AND (P2,
illustrated in Fig 3. P4, P6) = 0 and AND (P4, P6, P8) = 0 then pixel P1 is flagged

IN3 for deletion to every border area of pixels in the contour.

37
B8098 TINi38-J1298

Step 3 If number of ON pixels of P1 range from 2 to 6 and
total number of ON to OFF transitions is equal to 1 and AND

R TN/38 (P2, P4, P8) = 0 and AND (P2, P6, P8) = 0 then point P1 is
BB:XB 266 TN 38 52223 V0549 flagged for deletion to other than border area of pixels in the
contour.

= Pl Ty ~ Step 4 Repeat step 3 until no further points are deleted.
TN 38 P2990 iu Q TN-38-C-4390
Fig. 3 The visualization of connectivity results Flg 4 shows the results of thinning algorithm applled to the
various license characters.
License plate characters may or may not be a machine-

printed that could be drawn by artist. Hence, the handwritten 2”202D2D2D@2D2DE]
40 40 40 40 40 40 40
B0 60 60 60 60 50 60

20 40 20 40 20 40 20 40 20 40 20 40

issues arise in the LPRS. However, plates are machine-printed —

due to pan of camera capturitg0°® angle variations occurred " T Emzﬂ QD@mEDB]m@m
in the characters of the LP. In these plates, characters are no p o p i p 0 - o
appeared in the straight horizontal lines; even characters height _»* =* =% == =@ @9 =56 =W =«

and width are also widely varied. If we start horizontal jﬁ@iﬁiﬁigiﬁ@jﬁiﬁiﬁjﬁ
B0 B0 B0 60 (=] B0 B0 B0
20 40 20 40 20 40 20 40 20 40 20 40 20 40 20 40 20 40

scanning then maximum height characters’ pixel values are =

processed first and order of syntax is rapidly changed. Thus, I I v B e B e [ e B g I e B

vertical scanning is performed and segmented entire characte © o o 3 o o 8 o 2 o 2 o /2 o 3

in the LP area. If LP characters occur in two rows then the ~— = =® @ 2w @4 o Do 20 20

plate is implicitly subdivided by two and processed withFig. 4 The results of various license plate characters after applying thinning

connectivity checking of finding non-text area in the plate. In process
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B. Two rows LP characters A. Character Feature Extraction

The order of scanning makes the problem in two rows Each segmented portion is convoluted by Gabor spatial
license plates. As mention early if raster scan starts kernel. Gabor elementary functions are Gaussian function
horizontal direction then the maximum height of ‘ON’ pixel isnodulated by oriented complex sinusoidal functions. The
processed first which fails to fetch the character in the syntammplex function G(x, y) can be split into two parts, the even
ordering of the plate, to avoid this inconsistent we adopt fand odd filters. G(x, y) and G(x ,y), which are also known as
the vertical scanning approach. It vertically travels entire set tife symmetric and anti-symmetric filters respectively.

ON pixels and records rectangle connectivity of the characte®&ep 1 Image is divided into 3 sub images, each has 40*20 in
In the two rows LP as in Fig.5, character ‘B’ occurs little biheight * width.

left away from the first row character ‘T’, which opens a

chance for connectivity procedure to fetch ‘B’ as a firsStep 2 Image pixels are converted to bipolar patterns.
character of the LP instead of ‘T". In the vertical scanning

operation, pixels are inspected from top to bottom manner agtep 3 The central frequency of Gabor filter is ranged from 2
fetched entire components perfectly but the syntax of the LPtés32 degrees and incremented by its power. Orientation angle
completely collapsed as in Fig.5a. Hence, we |mpI|C|tI¥e) is ranged fromD° to 90° incremented byl5° .

decompose the plate by two with constraint of non-text area

and then process by the connectivity check procedure. Tl@?ep 4 Total of 15 kernels are used to convolute each sub
approach reduces the overburden to the syntax CheCkkﬂ%geS, therefore, 45 features are extracted from each
operations. Fig.5b. depicts the results of decompos't'%aracter image. The convolution operation is done by

operation. polynomial multiplication as

7 1 1
ggﬂ%&—’ m .'” @ . CharF(x,y)=Y" > G(jk)I(x-j,y—k). (13)

k=-1 j=-1
sgon @ where G(j,k) is a Gabor Kernel and I(x,y) is a segmented
}INQJ.»/;, character strip. Mean value of character strip has been
B8098| calculated by changing frequency and orientation values. This
is performed as
(b)
Fig. 5 Two rows LP characters and their related problems N M
———>" > CharF (x.,y;). (14)
N* M v
V. LICENSE NUMBER RECOGNITION AND RESULT ANALYSIS i=1 j=1

Typically template matching is the method of choice in most
of the license plate recognition as in [3], [4], [9]. [12] where N, M is the size of the image am]l is a character
Template matching was experimented with initially, but due {Sature code.
wide variation of character font, the results were not Implementation has been done in VC++ and MATLAB.
satisfactory. Vehicle images may acquire in different pan artthe efficiency of the proposed system has been tested with a
tilt conditions according to the fixing of camera or position ofvide variety of input images. The images were taken from
the vehicle. Hence, template matching with specific set @hrious environments under different illumination.
characters is not provided robust result in widely varying
character fonts, degree of capturing and external enwronmentsB Distance and angle of image capturing
Thus, we choose the position, rotation, scale invariant GaborWe collected a sample database of images for testing the
filter that provides better result in texture analysis. First, weystem to effectively measure the accuracy of the system from
perform decay operation on the segmented images, that'®2l time video sequences. The system was finally tested with a
segmented character image is divided into 3 sub imagesnagnber of image sequence¥ehicle images have been
shown in Fig. 6. Most of the alphanumeric characters middf@ptured in different pan and tilt of the camera viewing
portion of the image provides efficient deviation of strokes arfgPsitions. The pan perspective projection of the vehicle images
top/ bottom portions have arcs of the characters. Hence, {@ge from —20 to +20 degrees and aerial viewing positions

split the images into top, middle and bottom segments. range from O to 20 degrees. This system is robust for pan angle
—_— variations between -25 and +25 degrees and aerial view 0 to
25 degrees. Perspective angles below or ak@®@ degrees

Hamming Neural Network

cause the problems in character segmentation, as the symbols

FFL|RL e give the impression of joined or smashed.

C.False matches plates

The clarity of symbols in the license plate determines the
Fig. 6 Stages of LP number recognition using Gabor features and HNN accuracy of the segmentation module. If the symbols have
space of at least one pixel width in between, they can be
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segmented efficiently. However, this is not always the caseam extending this methodology to extract and recognize
India. In some plates, the symbols are smudged togethernaultiple plates from the same image. It will require more
other foreign materials may partially occlude the platgrocessing time to localize one or more plates appeared in the
External illumination or points of light sources provideémage that could be reduced by incorporating parallel
misdetection of license number in the vehicle image. algorithms in the extended weight calculation phase.

D.Ambiguity of Characters

The crucial aim of the feature extraction module is to avoi . . . B )

. . .. A Yali Amit,Donald Geman, and Xiaodong Fan, “A Coarse-to-fine

false positives in character recognition process. A comm strategy for multiclass shape detection”, IEEE Transaction on Pattern

problem in license number recognition was as mentioned in Analysis and Machine Intelligence, Vol.26, No. 12. pp. 1606-1621,
[12], characters ‘O’ and ‘D’ or ‘5’ and ‘S’ or ‘B’ and ‘8 @ gOOIf-SH i K3 o Kim . 3. “Locating Car Li o

; ; ark, S.H. Kim, K.I. Jung, and Kim H. J., “Locating Car License Plate

I?Iice)\;lt\?vz:r:gé%uﬁousexrt? Zlé{t?e;—tzr;ezglr\:]et:geiﬁa?;%?;n;; VGVF?I r using Neural Networks”, IEE Electronics Ietters 35, pp.1475_-1477,1999.

) - ) Hegt J A, Haye R J, De La Khan N A, “High performance license plate

produces shift, rotation and scale independent features. recognition system”, IEEE Proceedings of international conference of
Variations of feature in the ambiguous characters are given in systems, MAN, cybernetics, San Diego, CA, 1998, pp. 4357-4362.

Table |. These features were trained and tested by Hammiflg Eun Ruyng Lee, Pyeoung Kee Kim, Hang Oon Kim, “Automatic
Recognition of a car license plate using color image processing”, IEEE
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recognition rates in various conditions have been studied and

have been illustrated in the paper. The proposed methodology

has been found to show high recognition rates and quite

suitable for conditions where a wide variety of license plates

are to be dealt with. Future work in this area can concentrate
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