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Abstract

This work deals with problematic from field of didial intelligence, machine vision and neural
networks in construction of an automatic numbertepleecognition system (ANPR). This
problematic includes mathematical principles ammadhms, which ensure a process of number
plate detection, processes of proper charactemmesggtion, normalization and recognition.
Work comparatively deals with methods achievingaitance of systems towards image skew,
translations and various light conditions duringe tltapture. Work also contains an
implementation of a demonstration model, whichhile do proceed these functions over a set of
snapshots.
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Chapter 1

Introduction

1.1 ANPR systems as a practical application of aftcial intelligence

Massive integration of information technologiesoitl aspects of modern life caused demand
for processing vehicles as conceptual resourcaésfanmation systems. Because a standalone
information system without any data has no seneretwas also a need to transform
information about vehicles between the reality afdrmation systems. This can be achieved
by a human agent, or by special intelligent equiptmeéhich is be able to recognize vehicles by
their number plates in a real environment and cefiieinto conceptual resources. Because of
this, various recognition techniques have beenldped and number plate recognition systems
are today used in various traffic and security mggibns, such as parking, access and border
control, or tracking of stolen cars.

In parking, number plates are used to calculatatour of the parking. When a vehicle
enters an input gate, number plate is automaticatbpgnized and stored in database. When a
vehicle later exits the parking area through ampuaiugate, number plate is recognized again and
paired with the first-one stored in the databagde difference in time is used to calculate the
parking fee. Automatic number plate recognitiontsys can be used in access control. For
example, this technology is used in many compatdegrant access only to vehicles of
authorized personnel.

In some countries, ANPR systems installed on cgubtrders automatically detect and
monitor border crossings. Each vehicle can be texgid in a central database and compared to a
black list of stolen vehicles. In traffic contraehicles can be directed to different lanes for a
better congestion control in busy urban commuroestiduring the rush hours.

1.2 Mathematical aspects of number plate recognitiosystems

In most cases, vehicles are identified by their Ipeimplates, which are easily readable for
humans, but not for machines. For machine, a numplag¢e is only a grey picture defined as a
two-dimensional functionf (X, y), where x and y are spatial coordinates, arid is a light

intensity at that point. Because of this, it isessary to design robust mathematical machinery,
which will be able to extract semantics from spatiamain of the captured image. These
functions are implemented in so-called “ANPR systérwhere the acronym “ANPR” stands
for an “Automatic Number Plate Recognition”. ANPRs&em means transformation of data
between the real environment and information system

The design of ANPR systems is a field of reseancériificial intelligence, machine vision,
pattern recognition and neural networks. Becaughisfthe main goal of this thesis is to study
algorithmic and mathematical principles of automatimber plate recognition systems.

Chapter two deals with problematic of number platea detection. This problematic
includes algorithms, which are able to detect saregular area of the number plate in original
image. Humans define the number plate in a natangiuage as astmall plastic or metal plate
attached to a vehicle for official identificatiomugposes, but machines do not understand this
definition. Because of this, there is a need td fam alternative definition of the number plate
based on descriptors, which will be comprehensifble machines. This is a fundamental
problem of machine vision and of this chapter.

Chapter three describes principles of the charasgmentation. In most cases, characters
are segmented using the horizontal projection pfeaprocessed number plate, but sometimes



these principles can fail, especially if detectedhber plates are too warped or skewed. Then,
more sophisticated segmentation algorithms musisbd.

Chapter four deals with various methods normaliratind detection of characters. At first,
character dimensions and brightness must be na@alo ensure invariance towards a size and
light conditions. Then, a feature extraction altfori must be applied on a character to filter
irrelevant data. It is necessary to extract featuvehich will be invariant towards character
deformations, used font style etc.

Chapter five studies pattern classifiers and neneaivorks and deals with their usage in
recognition of characters. Characters can be @ledsind recognized by the simple nearest
neighbor algorithm (LNN) applied to a vector ofragted features, or there is also possibility to
use one of the more sophisticated classificatiothaws, such as feed-forward or Hopfield
neural networks. This chapter also presents additibeuristic analyses, which are used for
elimination of non-character elements from theelat

Sometimes, the recognition process may fail andlétected plate can contain errors. Some
of these errors can be detected by a syntactiaysia of the recognized plate. If we have a
regular expression, or a rule how to evaluate atwgtspecific license plate, we can reconstruct
defective plates using this rule. For example, mbver zero “0” can be automatically repaired to
a character “O” on positions, where numbers are atloved. Chapter six deals with this
problematic.

1.3 Physical aspects of number plate recognition sgems

Automatic number plate recognition system is a isppeset of hardware and software
components that proceeds an input graphical sig@aktatic pictures or video sequences, and
recognizes license plate characters from it. A Wward part of the ANPR system typically
consists of a camera, image processor, cameraitriggmmunication and storage unit.

The hardware trigger physically controls a sens@ctly installed in a lane. Whenever the
sensor detects a vehicle in a proper distance ok it activates a recognition mechanism.
Alternative to this solution is a software detegtiof an incoming vehicle, or continual
processing of the sampled video signal. Softwateatien, or continual video processing may
consume more system resources, but it does notadgitional hardware equipment, like the
hardware trigger.

Image processor recognizes static snapshots cdpbhyréhe camera, and returns a text
representation of the detected license plate. ANPRs can have own dedicated image
processors (all-in-one solution), or they can seagtured data to a central processing unit for
further processing (generic ANPR). The image preaess running on special recognition
software, which is a key part of whole ANPR system.

Because one of the fields of application is a usageoad lanes, it is necessary to use a
special camera with the extremely short shuttehe@ise, quality of captured snapshots will
be degraded by an undesired motion blur effecterhdyy a movement of the vehicle. For
example, usage of the standard camera with shaftidd00 sedo capture a vehicle with speed
of 80 km/hwill cause a motion skew in amount @22 m This skew means the significant
degradation of recognition abilities.

There is also a need to ensure system invariangardis the light conditions. Normal
camera should not be used for capturing snapshatarkness or night, because it operates in a
visible light spectrum. Automatic number plate mguition systems are often based on cameras
operating in an infrared band of the light spectridsage of the infrared camera in combination
with an infrared illumination is better to achieis goal. Under the illumination, plates that are
made from reflexive material are much more highkghthan rest of the image. This fact makes
detection of license plates much easier.



B Figure 1.1: (a) lllumination makes detection of reflexive imagates easier. (b) Long
camera shutter and a movement of the vehicle aasecan undesired motion blur effect.

1.4 Notations and mathematical symbols

Logic symbols

pA q Exclusive logical disjunctiong xor q)
puqg Logical conjunction  andq)

puqg Logical disjunction ( orq)

p Exclusion (otp)

Mathematical definition of image

f (x, y) x andy are spatial coordinates of an image, &nds an intensity of light at

that point. This function is always discrete onitdigcomputers.
xI Uy , where ,denotes the set of natural numbers including

Zero.

f(p) The intensity of light at poinp. f(p)= f(x y), wherep=[x Y]

Pixel neighborhoods

pN,P, Pixel p, is in a four-pixel neighborhood of pixgd, (and vice versa)
pNg P, Pixel p, is in an eight-pixel neighborhood of pixgl (and vice versa)

Convolutions

a(x)* b( %) Discrete convolution of signats(x) and b(x)
a(x)* b( %) Discrete periodical convolution of signaa¢x) and b(x)



Vectors and sets

m([x, y]
maxA

min A
meanA
medianA

A

Intervals

a<x<b

xl a b

Quantificators
$X

$Ix

$"x

DX

IlX

Rounding

X
X

The element in% column and Y row of matrixm .

The maximum value contained in the getThe scope of elements can be
specified by additional conditions

The minimum value contained in the &t

The mean value of the elements contained in thé\se

The median value of the elements contained irs&heé\

The cardinality of the sef. (Number of elements contained in the set)
Vectors or any other ordered sequences of nunavergrinted bold.

The elements of vectors are denoteckasvherei is a sequence number
(starting with zero), such@$ 0 n 1, wheren=|x| is a cardinality of the
vector (number of elements)

The elementa of the vectorx. For example, the vector can contain
elementsa, b, ¢, d, such asx=(a,b,c, d)

If there is more than one vector denotekashey are distinguished by their
indexesi . The upper indeXi) does nomean the" element of vector.

X lies in the interval betweea andb. This notation is used whex is the
spatial coordinate in image (discrete as well agioaous)

This notation has the same meaning as the abayebahit is used wher is
a discrete sequence number.

There exists at least one
There exists exactly one

There exists exactly x
There does not exist
For everyx

Number x rounded down to the nearest integer
Number x rounded up to the nearest integer



Chapter 2

Principles of number plate
area detection

The first step in a process of automatic numbetepiacognition is a detection of a number plate
area. This problematic includes algorithms that @loke to detect a rectangular area of the
number plate in an original image. Humans defineumber plate in a natural language as a
“small plastic or metal plate attached to a vehifide official identification purposés but
machines do not understand this definition as aglthey do not understand what “vehicle”,
“road”, or whatever else is. Because of this, ther@ need to find an alternative definition of a
number plate based on descriptors that will be gehgnsible for machines.

Let us define the number plate as r@ctangular area with increased occurrence of
horizontal and vertical edgésThe high density of horizontal and vertical esdga a small area
is in many cases caused by contrast charactersnafréoer plate, but not in every case. This
process can sometimes detect a wrong area thandbesrrespond to a number plate. Because
of this, we often detect several candidates forpillage by this algorithm, and then we choose
the best one by a further heuristic analysis.

Let an input snapshot be defined by a functiblﬁx, y), where x and y are spatial
coordinates, andf is an intensity of light at that point. This fuiwst is always discrete on

digital computers, such asi JJ Yy ,, where , denotes the set of natural numbers

including zero. We define operations such as efigection or rank filtering as mathematical
transformations of functiorf .

The detection of a number plate area consistssafri@s of convolve operations. Modified
shapshot is then projected into axesand y. These projections are used to determine an area

of a number plate.

2.1 Edge detection and rank filtering

We can use a periodical convolution of the functibnwith specific types of matricem to
detect various types of edges in an image:

fqxy)= f(xy)rm[x §= f(x pm mod,( x ) mog( y )

i=0 j=0

wherew and h are dimensions of the image represented by thatitum f

Note: The expressiom[x, y] represents the element ifi olumn and ¥ row of matrixm .

2.1.1 Convolution matrices

Each image operation (or filter) is defined by anamution matrix. The convolution matrix
defines how the specific pixel is affected by néigting pixels in the process of convolution.



Individual cells in the matrix represent the neigitrelated to the pixel situated in the centre of
the matrix. The pixel represented by the cglin the destination image (fig. 2.1) is affected by

the pixelsx, X; according to the formula:

y=x " m+x m % m X M@ X 4 X+ x+ g ok Mmopx

matrix

X1 X2 X3 my my ms
X4 | Xo | Xs Mg | Mg | Ms y
Xe | X7 | Xg Mg | M7 | Mg

Figure 2.1: The pixel is affected by its neighbors accordinghi® convolution matrix.

Horizontal and vertical edge detection

To detect horizontal and vertical edges, we corersburce image with matrices,, and m,.

The convolution matrices are usually much smakemtthe actual image. Also, we can use
bigger matrices to detect rougher edges.

-1 -1-1 -1 0 1
m,=0 0 0 ;m,=-101
11 1 1.0 1

Sobel edge detector

The Sobel edge detector uses a pair of 3x3 coriwaluhatrices. The first is dedicated for
evaluation of vertical edges, and the second fatuation of horizontal edges.

-1-2-1 -1 01
Gyk=0 0 0 ;G6,=-2 0 2
1 2 1 -1 01

The magnitude of the affected pixel is then catmdausing the formuI¢G| = /G2 +G§ . In

praxis, it is faster to calculate only an approxtenmagnitude ak3|=|G, | +‘Gy‘ .

Horizontal and vertical rank filtering

Horizontally and vertically oriented rank filterseaoften used to detect clusters of high density
of bright edges in the area of the number plate. Whith of the horizontally oriented rank filter
matrix is much larger than the height of the matix h), and vice versa for the vertical rank
filter (w h).

To preserve the global intensity of an image, mésessary to each pixel be replaced with
an average pixel intensity in the area covered h®y tank filter matrix. In general, the
convolution matrix should meet the following comatit



w-1h1
my, [i,j]=1.0

i=0 j=0

wherew andh are dimensions of the matrix.
The following pictures show the results of appli@atof the rank and edge detection filters.

AlBlcC Figure 2.2: (a) Original image (b) Horizontal rank filter (c)etical rank filter (d)
Sobel edge detection (e) Horizontal edge dete¢f)oviertical edge detection

2.2 Horizontal and vertical image projection

After the series of convolution operations, we datect an area of the number plate according
to a statistics of the snapshot. There are vameethods of statistical analysis. One of them is a
horizontal and vertical projection of an image itiie axesx and y.

The vertical projection of the image is a graphichitrepresents an overall magnitude of the
image according to the axig (see figure 2.3). If we compute the vertical petign of the

image after the application of the vertical edgeedon filter, the magnitude of certain point
represents the occurrence of vertical edges atpbigit. Then, the vertical projection of so
transformed image can be used for a vertical leaabn of the number plate. The horizontal
projection represents an overall magnitude of thegie mapped to the axis



Figure 2.3: Vertical projection of image to § axis

Let an input image be defined by a discrete fumlctfc(x, y). Then, a vertical projectiomp, of

the function f at a pointy is a summary of all pixel magnitudes in tH&rpw of the input

image. Similarly, a horizontal projection at a goix of that function is a summary of all
magnitudes in the"kcolumn.

We can mathematically define the horizontal andic@rprojection as:

h-1 w-1

p(x)= H(xd) o op(y)= f(iy)

j=0 i=0

wherew and h are dimensions of the image.

2.3 Double-phase statistical image analysis

The statistical image analysis consists of two phag$he first phase covers the detection of a
wider area of the number plate. This area is treskelwed, and processed in the second phase
of analysis. The output of double-phase analysisisxact area of the number plate. These two
phases are based on the same principle, but theedifeerences in coefficients, which are used
to determine boundaries of clipped areas.

The detection of the number plate area consists“baind clipping” and a “plate clipping”.
The band clipping is an operation, which is usedi¢tect and clip the vertical area of the
number plate (so-called band) by analysis of the¢ica projection of the snapshot. The plate
clipping is a consequent operation, which is usedetect and clip the plate from the band (not
from the whole snapshot) by a horizontal analyssugh band.

Snapshot

Assume the shapshot is represented by a fundti(m y) , Wherex, £EXE£ x and y, £ YE V.
The [%,, o] represents the upper left corner of the snapsimat|x,, y;| represents the bottom

right corner. If w and h are dimensions of the snapshot, thgn=0, y, =0, x =w-1 and
y, =h-1.



Band

The bandb in the snapshof is an arbitrary rectanglb:(%o, Yoo Ko ybl) , such as:
(%0 = %min) V(%1 = Xna) U Youn £ %o < %1 U Yina)

Plate

Similarly, the platep in the bandb is an arbitrary rectangle =(xp0, Ypor Xots ypl), such as:

(Xbo £ Xpo £ X £ )%1) U( Yoo = ybo) U( Yoo = 360)

The band can be also defined as a vertical sefecfithe snapshot, and the plate as a horizontal
selectionof the band. The figure 2.4 schematically demates this concept:

Yoof - T - -———————————————+

N ——————— et

Figure 2.4: The double-phase plate clipping. Black color repnes the first phase of plate clipping,
and red color represents the second one. Bandaspnesented by dashed lines, and plates by solid
lines.

2.3.1 Vertical detection — band clipping

The first and second phase of band clipping isdasethe same principle. The band clipping is
a vertical selection of the snapshot accordindgiéoanalysis of a graph of vertical projection. If

h is the height of the analyzed image, the corredipgnvertical projectionp; ( y) containsh
values, such agl (0;h 1).

The graph of projection may be sometimes too “rdfjger analysis due to a big statistical
dispersion of valuesp; ( y) . There are two approaches how to solve this problWe can blur
the source snapshot (costly solution), or we camedee the statistical dispersion of the ragged
projection p; by convolving its projection with a rank vector:

P, (¥)= B, (y)*my[ Y

where m,, is the rank vector (analogous to the horizontakreatrix in section 2.1.1). The

width of the vectom,,, is nine in default configuration.

After convolution with the rank vector, the verligaojection of the snapshot in figure 2.3
can look like this:



Py ( Y) Yoo Yom Y
|
10094 :

0% > Y
yO yl
Figure 2.5: The vertical projection of the snapshot 2.3 aftanolution with a rank vector. The figure
contains three detected candidates. Each hightightiea corresponds to one detected band.

The fundamental problem of analysis is to compugakp in the graph of vertical projection.
The peaks correspond to the bands with possibldidates for number plates. The maximum

value of py(y) corresponding to the axle of band can be compased

Yom =arg max{ p,(y)}

YoEYEY

The y,, and y,, are coordinates of band, which can be detected as:

Yoo =_max {y| B, (%) £ 6 xB( Yo

Yo£ YE Yom

Yoo = min {y|n,(¥) € 6 xB( Yo}

YomE YE Y

¢, is a constant, which is used to determine the &fqteak y,,. In praxis, the constant is

calibrated toc, = 0.55 for the first phase of detection, argj =0.42 for the second phase.

Figure 2.6: The band detected by the analysis of vertical ptimje

This principle is applied iteratively to detect eeal possible bands. Theg,, and vy,
coordinates are computed in each step of iterginceess. After the detection, values of
projection p, in interval <yb0,yb1> are zeroized. This idea is illustrated by the dieihg

pseudo-code:

let L tobe alist of detected candidates
for i :=0to number_of _bands_to_be_detected do
begin

detect  Y,, and Y, by analysis of projection py
save Yo and Y, toalist L

zeroize interval (ybo. Yb1>
end

The list L of coordinatesy,, and y,, will be sorted according to value of peay (). The
band clipping is followed by an operation, whichiet#s plates in a band.

10



2.3.2 Horizontal detection — plate clipping

In contrast with the band clipping, there is aalifince between the first and second phase of
plate clipping.

First phase

There is a strong analogy in a principle betweenhiiind and plate clipping. The plate clipping
is based on a horizontal projection of band. Adtfithe band must be processed by a vertical
detection filter. If w is a width of the band (or a width of the analyzesage), the

corresponding horizontal projectiop, (x) containsw values:

p()= f(x])

1=Yoo

Please notice thapx(x) is a projection of the band, not of the whole imaghis can be
achieved by a summation in inter\(@tbo, yb1>, which represents the vertical boundaries of the
band. Since the horizontal projectiqyj (x) may have a big statistical dispersion, we decrease

it by convolving with a rank vectorf, (x)= g (X m,,[ ). The width of the rank vector is
usually equal to a half of an estimated width &f ttumber plate.

Then, the maximum value corresponding to the matebe computed as:

Xom = arg max{ P, x)}

X%EYEX

The x,, and x,, are coordinates of the plate, which can be tleteated as:

%o = max { X p( ¥ £ ¢xp( %)}

XoEXE Xom

%= min {X B (X £ 6xn( %)
where ¢, is a constant, which is used to determine the topeak x,,. The constant is
calibrated toc, =0.86 for the first phase of detection.

Second phase

In the second phase of detection, the horizontsitipa of a humber plate is detected in another
way. Due to the skew correction between the fingt second phase of analysis, the wider plate

area must be duplicated into a new bitmap. I[,g(tx, y) be a corresponding function of such
bitmap. This picture has a new coordinate systeich 8s[0,0] represents the upper left corner
and[w- 1,h 1] the bottom right, wherev and h are dimensions of the area. The wider area of

the number plate after deskewing is illustratetigare 2.8.

In contrast with the first phase of detectidrg source plate has not been processed by the
vertical detection filter. If we assume that pletevhite with black borders, we can detect that
borders as black-to-white and white-to-black tramss in the plate. The horizontal projection

P, (x) of the image is illustrated in the figure 2.7.a@. detect the black-to-white and white-to-

black transitions, there is a need to compute ivatare pgi( x) of the projectionpx(x) . Since
the projection is not continuous, the derivatioepstannot be an infinitely small humber

11



(ht Iig}) x). If we derive a discrete function, the derivat&tep h must be an integral number
X

(for exampléh = 4). Let the derivative ofp, (X) be defined as:

o.¢(x) =P B(x B

h
Whereh=4.
P.()
100%
0% » X
w-1
pg(x) -
OT » X
‘ w-1
i

Figure 2.7:(a) The horizontal projectio, ( X) of the plate in figure 2.8. (b) The derivative

of P, ( X) . Arrows denote the “BW” and “WB” transitions, wii@re used to determine the
boundaries of the plate.

Figure 2.8: The wider area of the number plate after deskewing.

The left and right boundary of the plate can besmheined by an analysis of the projection
pgp( x). The left cornerx,, is represented by the black-to-white transitions(pve peak in

figure 2.7.b), and right cornex; by the white-to-black transition (negative peakfigure
2.7.b):

= mln{ ‘px¢( X) 3 q,xmax{ n¢ >)}}

O£x<f OEx<w

Xp = max[x|p§} £ q,xmln{ ng >)}}

7£ <w OEx<w
2

wherec, is a constant used to determine the most leftthegand the most right positive peak.
The left and right corners must lie on the oppolibres of the detected plate according to the

w
constraintsO£ x < for X50, and—£ x<w for x;.
2 2
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In this phase of the recognition process, it is pogsible to select a best candidate for a
number plate. This can be done by a heuristic aisabf characters after the segmentation.

2.4 Heuristic analysis and priority selection of nmber plate
candidates

In general, the captured snapshot can contain @ewvember plate candidates. Because of this,
the detection algorithm always clips several baadd,several plates from each band. There is a
predefined value of maximum number of candidatebijckv are detected by analysis of
projections. By default, this value is equals toeni

There are several heuristics, which are used termlgie the cost of selected candidates
according to their properties. These heuristicsehld@en chosen ad hoc during the practical
experimentations. The recognition logic sorts cdatdis according to their cost from the most
suitable to the least suitable. Then, the mosablatcandidate is examined by a deeper heuristic
analysis. The deeper analysis definitely acceptsejects the candidate. As there is a need to
analyze individual characters, this type of analgsinsumes big amount of processor time.

The basic concept of analysis can be illustratethbyfollowing steps:

Detect possible number plate candidates.

Sort them according to their cost (determined bgsic heuristics).
Cut the first plate from the list with the besticos

Segment and analyze it by a deeper analysis (timsumning).

If the deeper analysis refuses the plate, retuthastep 3.

ogrwNPE

2.4.1 Priority selection and basic heuristic analys of bands

The basic analysis is used to evaluate the cosamdidates, and to sort them according to this
cost. There are several independent heuristicshatan be used to evaluate the cast The

heuristics can be used separately, or they caroipdioed together to compute an overall cost
of candidate by a weighted sum:

a=0.15a, +0.25%, +0.4a% 0.4

Heuristics lllustration Description

31:|yb0- yij The height of band in pixels. Bangs
with a lower height will be preferred.

-1 Py ( Yom) The “p, (Yom)” is @ maximum value of

py(ybm) peak of vertical projection of snapshpt,
which corresponds to the processed
band. Bands with a higher amount |of
vertical edges will be preferred.

1 This heuristics is similar to the previous
B one, but it considers not only the value

p, (V) Yoo You of the greatest peak, but a value of grea

Y=Yho under the graph between points, and

’ : Y- These points define a vertidal

position of the evaluated band.

13



‘x - X The proportions of the one-row number
a,= 17P0 L _ //T plates are similar in the most countries.
|yb0 - ybl| v e If we assume that width/height ratio pf

* the plate is about five, we can compare
the measured ratio with the estimated
one to evaluate the cost of the numper
plate.

Y

2.4.2 Deeper analysis

The deeper analysis determines the validity ofradickate for the number plate. Number plate
candidates must be segmented into the individualadhers to extract substantial features. The
list of candidates is iteratively processed unftié tfirst valid number plate is found. The
candidate is considered as a valid number platemiéets the requirements for validity.

Assume that plateg is segmented into several charactggs p,.,, wheren is a number

of characters. Letw be a width of T character (see figure 2.9.a). Since all segmented

characters have roughly uniform width, we can usgaadard deviation of these values as a
heuristics:

1™t _\2
b = [= -
. ni:o(WI )

n-1
wherew is an arithmetic average of character widihs —  w; .
i=0
If we assume that the number plate consists of dagkacters on a light background, we
can use a brightness histogram to determine i€éimelidate meets this condition. Because some
country-specific plates are negative, we can usehtbtogram to deal with this type of plates
(see figure 2.9.b).

Let H (b) be a brightness histogram, wheseis a certain brightness value. Liet,, and
b..x be a value of a darkest and lightest point. THfh(lb) is a count of pixels, whose values
are equal tdo. The plate is negative when the heuristigsis negative:

b=hyig b= Byin

whereb,,, is a middle point in the histogram, suchiy =w :

14
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w(p,)
H (b)
4 bmin bmid bmax
» b
Figure 2.9:(a) The number plate must be segmented into ind@lidharacters for deeper
B heuristic analysis. (b) Brightness histogram ofribienber plate is used to determine the

positivity of the number plate.

2.5 Deskewing mechanism

The captured rectangular plate can be rotated lemdesl in many ways due to the positioning
of vehicle towards the camera. Since the skew fsagmitly degrades the recognition abilities, it
is important to implement additional mechanismsicirare able to detect and correct skewed
plates.

The fundamental problem of this mechanism is temeinhe an angle, under which the plate
is skewed. Then, deskewing of so evaluated plate loa realized by a trivial affine
transformation.

It is important to understand the difference betwie “sheared” and “rotated” rectangular
plate. The number plate is an object in three-dsimral space, which is projected into the two-
dimensional snapshot during the capture. The pogity of the object can sometimes cause the
skew of angles and proportions.

If the vertical line of platev, is not identical to the vertical line of camergeatiive v, the

plate may be sheared. If the vertical lingsandv, are identical, but the axi, of plate is not
parallel to the axis of camei& , the plate may be rotated. (see figure 2.10)
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Figure 2.10:(a) Number plate captured under the right angledtated plate (c)
Sheared plate

2.5.1 Detection of skew

Hough transform is a special operation, which isdug extract features of a specific shape
within a picture. The classical Hough transfornused for the detection of lines. The Hough
transform is widely used for miscellaneous purpasdke problematic of machine vision, but |
have used it to detect the skew of captured pdaie also to compute an angle of skew.

It is important to know, that Hough transform doegt distinguish between the concepts
such as “rotation” and “shear”. The Hough transfocan be used only to compute an
approximate angle of image in a two-dimensional aiom

The mathematical representation of line in theagtimal coordinate system is an equation
y=axx +b, wherea is a slope andb is a y-axis section of so defined line. Then,lthe is a

set of all points[x, y], for which this equation is valid. We know thatthine contains an

infinite number of points as well as there are r@dinite number of different lines, which can
cross a certain point. The relation between thegeassertions is a basic idea of the Hough
transform.

The equationy=axx +b can be also written ab=- xxa+y, where x and y are

parameters. Then, the equation defines a set had (a,b), which can cross the poifik, y] .

For each point in the “XY” coordinate system, thixe line in an “AB” coordinate system (so
called “Hough space”)

»
»

»

»

Figure 2.11: The “XY” and “AB” (“Hough space”) coordinate systasmEach poin{xo, yo] in the

“XY” coordinate system corresponds to one linehi@a Hough space (red color). The are several points
(marked a% , | , m) in the Hough space, that correspond to the liméise “XY” coordinate system,

which can cross the poirﬁb{o, yo] .

16



Let f(X,y) be a continuous function. For each pc{iatb] in Hough space, there is a line in

the “XY” coordinate system. We compute a magnitedeoint [a, b] as a summary of all
points in the “XY” space, which lie on the lireexx +b.

Assume thatf (x, y) is a discrete function, which represents the dmatpwith definite
dimensions(w” h). To compute the Hough transform of the functide lihis, it is necessary to
normalize it into a unified coordinate system ia fhllowing way:

x¢:2—xx-1; y¢:2_><y_1
w h

Although the space defined by a unified coordirsytstem is always discrete (floating point) on
digital computers, we will assume that it is contns. Generally, we can define the Hough

transformhq(a b )¢ of a continuous functiorf { x ¢y )tin the unified coordinate system as:

1
hi{ato)e f (% abxt+b)dx

-1

v
ye be be

E Figure 2.12:(a) Number plate in the unifiedXY ” coordinate system after application
of the horizontal edge detection filter (b) Hougdnisform of the number plate in the
“gB™” coordinate system (c) Colored Hough transforrthim“ AB” coordinate system.

We use the Hough transform of certain image touatal its skew angle. You can see the
colored Hough transform on the figure 2.12.c. Tlieels with a relatively high value are
marked by a red color. Each such pixel correspoma@slong white line in the figure 13.a. If we
assume that the angle of such lines determinesvitrall angle, we can find the longest line as:

(ag, b9 = arg max h (@ J6)}

O£bE1

To compute the angle of such a line, there is a rteetransform it back to the original
coordinate system:

2%-1 bel
2 1

[ o] = W >

wherew and h are dimensions of the evaluated image. Then,\tkeall angleg of image can
be computed as:

g =arctar(a,, )

17



The more sophisticated solution is to determineahgle from a horizontal projection of the
Hough transformhd¢. This approach is much better because it covérzagdllel lines together,
not only the longest one:

- ak-1 . .l
g = arctan WXT , ag=arg ]rEna%{ Pao a)l}

where pa¢(aG) is a horizontal projection of the Hough spacehsas:

1

p..(a9 =_ f ¢a,®)db

1

2.5.2 Correction of skew

The second step of a deskewing mechanism is a ggomperation over an imagé(x, y) . As

the skew detection based on Hough transform doésdistnguish between the shear and
rotation, it is important to choose the proper @®ghg operation. In praxis, plates are sheared
in more cases than rotated. To correct the plagarsd by the angleg, we use the affine
transformation to shear it by the negative angje

For this transformation, we define a transformatmatrix A :

1S 0 1-tafg) O
A=S, 1 0=0 1 0
o 01 0 o0 1

where S, and S, are shear factors. TH8, is always zero, because we shear the plate orly in

direction of the Y-axis.
Let P be a vector representing the certain point, sgcR a[x, y,]] where x and y are

coordinates of that point. The new coordinafes [xs, ys,]] of that point after the shearing can
be computed as:

P, = PxA

where A is a corresponding transformation matrix.
Let the deskewed number plate be defined by a ifamct,. The function f, can be

computed in the following way:
f(xy)= f([x wi>A 4,097 [ x.yjL A 040)

After the substitution of the transformation matfx

1 -tanlg) 0 1 1- taflg) 0 O
fo(xy)=f [xy]x0 1 0 x0 ,[xy] x0 1 0 x1
0 0 1 0 0 0 1 0
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B Figure 2.13:(a) Original number plate. (b) Number plate afteskkwing.
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Chapter 3

Principles of plate
segmentation

The next step after the detection of the numbeleaea is a segmentation of the plate. The
segmentation is one of the most important processige automatic number plate recognition,
because all further steps rely on it. If the segat#on fails, a character can be improperly
divided into two pieces, or two characters canygroperly merged together.

We can use a horizontal projection of a numbereplat the segmentation, or one of the
more sophisticated methods, such as segmentating thee neural networks. If we assume
only one-row plates, the segmentation is a proogédtding horizontal boundaries between
characters. Section 3.2 deals with this problematic

The second phase of the segmentation is an enhantehsegments. The segment of a
plate contains besides the character also undésiediments such as dots and stretches as well
as redundant space on the sides of character. Thareeed to eliminate these elements and
extract only the character. Section 3.3 deals thi¢éise problems.

3.1 Segmentation of plate using a horizontal projeion

Since the segmented plate is deskewed, we can ségny detecting spaces in its horizontal
projection. We often apply the adaptive threshaditlier to enhance an area of the plate before
segmentation. The adaptive thresholding is usededparate dark foreground from light
background with non-uniform illumination. You camesthe number plate area after the
thresholding in figure 3.1.a.

After the thresholding, we compute a horizontajgetion p, (x) of the platef (x, y). We

use this projection to determine horizontal bouredabetween segmented characters. These
boundaries correspond to peaks in the graph didhigontal projection (figure 3.1.b).

y
A
» X
P, (%)
e——+-——d-—f-———b-—b-—b-—d-—i-v
SRR SR SN SIS NI SR S U S N2
B R e e e Rt sl St Sl
» X

Figure 3.1:(a) Number plate after application of the adaptivesholding (b) Horizontal
projection of plate with detected peaks. Detecteakp are denoted by dotted vertical lines.

(=[]
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The goal of the segmentation algorithm is to finebls, which correspond to the spaces
between characters. At first, there is a need tmelseveral important values in a graph of the

horizontal projectionp, () :

V., - The maximum value contained in the horizontabjgation px(x), such as

Vi, = max{ p,(x)} , wherew is a width of the plate in pixels.

OEx<w
w-

: o vt
- The average value of horizontal projectipp(x) , such as,, == p,(x)
Wx=0
v, - This value is used as a base for evaluationeakheight. The base value is
always calculated ag = >, -v,,. Thev, must lie on vertical axis between the values

v, andv,,.

V.

a

The algorithm of segmentation iteratively finds tlmeximum peak in the graph of vertical
projection. The peak is treated as a space betwkaracters, if it meets some additional
conditions, such as height of peak. The algorithentzeroizes the peak and iteratively repeats
this process until no further space is found. Tgrigciple can be illustrated by the following
steps:

1. Determine the index of the maximum value of hortabprojection:
Xy = arg ma py x)}

2. Detect the left and right foot of the peak as:
x = max{X B (Y€ xn( %)

0EXE X,
x = min {x (Y £ xn( )
3. Zeroize the horizontal projectiop, (X) on interval(x, X )
4. If p,(x,)<c,*v,, gotostep 7.
5. Divide the plate horizontally in the poin,.
6. Gotostep 1.
7. End.

Two different constants have been used in the ditgorabove. The constard, is used to
determine foots of peak,. The optimal value ot, is 0.7

The constant,, determines the minimum height of the peak rel&tethe maximum value
of the projection ¥,,). If the height of the peak is below this minimuthe peak will not be
considered as a space between characters. It isrtemp to choose a value of constamt

carefully. An inadequate small value causes thattany peaks will be treated as spaces, and
characters will be improperly divided. A big valak ¢, causes that not all regular peaks will

be treated as spaces, and characters will be iregyomerged together. The optimal value of
c, is 0.86 To ensure a proper behavior of the algorithmstamtsc, and ¢, should meet the

following condition:

"(%.%ex] Pre v p(x0 R( ¥

where P is a set of all detected peaks with corresponding foots, and x. .
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3.2 Extraction of characters from horizontal segmets

The segment of plate contains besides the charalsteredundant space and other undesirable
elements. We understand under the term “segmeatpdt of a number plate determined by a

horizontal segmentation algorithm. Since the segntes been processed by an adaptive
thresholding filter, it contains only black and wehpixels. The neighboring pixels are grouped

together into larger pieces, and one of them isagiacter. Our goal is to divide the segment into

the several pieces, and keep only one piece reypiegahe regular character. This concept is

illustrated in figure 3.2.

Figure 3.2: Horizontal segment of the number plate containgisg\groups (pieces) of neighboring
pixels.

3.2.1 Piece extraction

Let the segment be defined by a discrete functic(rx, y) in the relative coordinate system,
such as[0,0] is an upper left corner of the segment, §nd 1, 1] is a bottom right corner,

where w and h are dimensions of the segment. The valuefoék, y) is “1” for the black

pixels, and “0” for the white space.
The pieceR is a set of all neighboring pixe[sx, y] , Which represents a continuous element.

The pixel[x, y] belongs to the piecR if there is at least one pixfk¢ y Jt from the R, such as
[x,y] and[x¢y}t are neighbors:

[ATIROS [ yR % N[ x0f

The notation aN,b means a binary relationa“ is a neighbor ofb in a four-pixel
neighborhood”:

[% YN, [x¢yPO |x *c¢A |y 5 61

Algorithm

The goal of the piece extraction algorithm is tadfiand extract pieces from a segment of the
plate. This algorithm is based on a similar priteigs a commonly known “seed-fill”
algorithm.
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Let pieceR be a set of (neighboring) pixgs, y|

Let S be a set of all pieceR from a processed segment defined by the function
f(xy).

Let X be a set of all black pixelsK :{[x, 3d| f( %y :]}

Let A be an auxiliary set of pixels

Principle of the algorithm is illustrated by théléeving pseudo-code:

let set S=0
let set X:{[x,y]| f(xy=10[0,d £] x § 4 vv,ﬂ}
while set X is not empty do
begin
let set R =0
let set A=0
pull one pixel from set X and insert it into set A
while set A is not empty do
begin
let [X, y] be a certain pixel from A
pull pixel [X, y] from a set A
it f(xy)=10[x )T A[0,d£[ x y<[ w fthen
begin
pull pixel [X, y] from set A and insert it into set R
insert pixels [X- 1, y] , [X+1, y] , [X, y- 1] , [X, y+1] into set A
end
end
add R to set S
end

Note t The operation “pull one pixel from a set” is ndeterministic, because a set is an
unordered group of elements. In real implementatioset will be implemented as an ordered
list, and the operation “pull one pixel from a setill be implemented as “pull the first pixel
from a list”

Note 2 The mathematical conclusiqXy,, Yimn] <[ % Y <[ Xuax: Yma] Means “The pixe[x, y]
lies in a rectangle defined by Pixgl%,,, Ymin] @NA[X a0 Ymad - More formally:

[x YIR[X yRU ROUE Ry

whereR is a one of the binary relations<®, " >’, " £’, '3 "and '=".

3.2.2 Heuristic analysis of pieces

The piece is a set of pixels in the local coordingtstem of the segment. The segment usually
contains several pieces. One of them representshiacter and others represent redundant
elements, which should be eliminated. The goaheftteuristic analysis is to find a piece, which
represents character.

Let us place the piec® into an imaginary rectangléxo, Yor X yl), where[x,, Y] is an
upper left corner, anfix, y;] is a bottom right corner of the piece:
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X =min{}[x MR} = min{ §{ x §iR }
x =max{ X [x YR} y= ma{ y[x iR}

The dimensions and area of the imaginary rectaarglelefined asv=|x, - x|, h=|y,- y| and
S= wxh. Cardinality of the seR represents the number of black pixels. The number of
white pixelsn, can be then computedgs=S- n= w h|R| The overall magnitud® of a
piece is a ratio between the number of black pixglsind the are& of an imaginary rectangle
M=n,/S.

In praxis, we use the number of white pixels as a heuristics. Pieces with a higher value
of n, will be preferred.

The piece chosen by the heuristics is then corddéoteéa monochrome bitmap image. Each
such image corresponds to one horizontal segméeselimages are considered as an output of
the segmentation phase of the ANPR process (seef8)3)

Figure 3.3: The input (a) and output (b) example of the segatant phase of the ANPR
B recognition process.
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Chapter 4

Feature extraction and
normalization of characters

To recognize a character from a bitmap represemtatihere is a need to extract feature
descriptors of such bitmap. As an extraction metsigdificantly affects the quality of whole
OCR process, it is very important to extract feagyrwhich will be invariant towards the
various light conditions, used font type and defations of characters caused by a skew of the
image.

The first step is a normalization of a brightnesd aontrast of processed image segments.
The characters contained in the image segments Ineutiten resized to uniform dimensions
(second step). After that, the feature extractigordhm extracts appropriate descriptors from
the normalized characters (third step). This chrageals with various methods used in the
process of normalization.

4.1 Normalization of brightness and contrast

The brightness and contrast characteristics of saged characters are varying due to different
light conditions during the capture. Because of,thiis necessary to normalize them. There are
many different ways, but this section describestkiiee most used: histogram normalization,
global and adaptive thresholding.

Through the histogram normalization, the intensitief character segments are re-
distributed on the histogram to obtain the nornealigtatistics.

Techniques of the global and adaptive thresholding used to obtain monochrome
representations of processed character segments. midnochrome (or black & white)
representation of image is more appropriate fotyaig because it defines clear boundaries of
contained characters.

4.1.1 Histogram normalization

The histogram normalization is a method used tistibute intensities on the histogram of the
character segments. The areas of lower contralsgjaiil a higher contrast without affecting the
global characteristic of image.

Consider a grayscale image defined by a discretetifun f (x, y) . Let I be a total number

of gray levels in the image (for example= 256). We use a histogram to determine the number
of occurrences of each gray levelil 0 |- 1:

H (i)z‘{[x,y”og x<wUOE£y<hUf(xy =}‘

The minimum, maximum and average value containgderhistogram is defined as:

1 w-1h1

Hminzorpxipw{f(x,y)} ; Hmangpxa%{f(x,y)}  Hag = o f(xy)
Of£y<h Of£y<h x=0 y=0
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where the valuesi H, . andH,, are in the following relation:

min ? avg

OLH s EHy EH o ET-1

The goal of the histogram normalization is to abtan image with normalized statistical

- I .
characteristics, such ad ;, =0, H_, =1-1, H,,4 :E' To meet this goal, we construct a

transformation function g( as a Lagrange polynomial with interpolation points

)
D4 ) =[ Huins 0] [%e1 ) = Havg,l—2 and[%s, ¥5] =[ Hpao 1 - 4 :

a()= O
j=1 ltzl_ X - X%
1]

This transformation function can be explicitly veit as:

N =Xy X = X, 0= Xg
g(i)=y; » X i, X x y:
()1><1-><2X1-><32Xz>a>&>§§->s X-% X%

FX 40X

.

After substitution of concrete points, and concraimber of gray level$ = 256:

o(i)=+128x " Hmn o1 Hna  pgg - M 4" Hlag
avg ~ Hm|n Havg' Hmax Hmai H min H max Havg
? >
0 Hmin Havg Hmax

Figure 4.1: We use the Lagrange interpolating polynomial asuasformation function to normalize
the brightness and contrast of characters.

The Lagrange interpolating polynomial as a tramsfdfon function is a costly solution. It is
like harvesting one potato by a tractor. In pratisgere is more useful to construct the

transformation using a simple linear function tbpteads the interva(IH H into the
unified interval(0,1 - 1) :

min ? max>
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a(i) =5 (1-1

max - H min

The normalization of image is proceeded by thesfiamation function in the following way:

fo(x¥) = o 1(x )

4.1.2 Global Thresholding

The global thresholding is an operation, when ainaous gray scale of an image is reduced
into monochrome black & white colors according lte global threshold value. LéO,]} be a

gray scale of such image. If a value of a cert&irlps above the threshold, the new value of
the pixel will be zero. Otherwise, the new valudl We one for pixels with values above the
thresholdt .

Let v be an original value of the pixel, suchuis(O,]} . The new valuevt is computed as:

0 if vi(ot)

¢=
i v

The threshold valug can be obtained by using a heuristic approachedas a visual
inspection of the histogram. We use the followilgodthm to determine the value df
automatically:

1. Select an initial estimate for threshdldfor examplet =0.5)
2. The threshold divides the pixels into the two different sefg::{[ X )]| f( % y< }

andsnz{[xﬂ| f( %y }

3. Compute the average gray level valugsand /i for the pixels in set§, and § as:

1 1
= fixy); m=— f(xy
ISl ey s () 1Sl o s ()

4. Compute a new threshold value%(ng + /y)

m

5. Repeat steps 2, 3, 4 until the differendein successive iterations is smaller than
predefined precision,

Since the threshold is global for a whole image, the global threshajdcan sometimes fail.
Figure 4.2.a shows a partially shadowed numbeeplaive compute the threshotdusing the
algorithm above, all pixels in a shadowed part wél below this threshold and all other pixels
will be above this threshold. This causes an uneesesult illustrated in figure 4.2.b.
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Figure 4.2: (a) The partially shadowed number plate. (b) Theilmer plate after
* thresholding. (c) The threshold valtiedetermined by an analysis of the histogram.

4.1.3 Adaptive thresholding

The number plate can be sometimes partially shadawenonuniformly illuminated. This is
most frequent reason why the global thresholdiilg Tae adaptive thresholding solves several
disadvantages of the global thresholding, becausemputes threshold value for each pixel
separately using its local neighborhood.

Chow and Kaneko approach

There are two approaches to finding the threshidie. first is theChow and Kaneko approagch
and the second is lacal thresholding The both methods assumes that smaller rectangular
regions are more likely to have approximately umifoillumination, more suitable for
thresholding. The image is divided into uniformtegmyular areas with size ofi” n pixels. The
local histogram is computed for each such area ardcal threshold is determined. The
threshold of concrete point is then computed bgrptlating the results of the subimages.

X X X

Figure 4.3: The number plate (from figure 4.2) processed bydhew and Kaneko approach of the
adaptive thresholding. The number plate is diviohtd the several areas, each with own histogram
and threshold value. The threshold value of a aaquixel (denoted b ) is computed by
interpolating the results of the subimages (represkby pixels 1-6).

Local thresholding

The second way of finding the local threshold okepiis a statistical examination of
neighboring pixels. Let[x, y] be a pixel, for which we compute the local thréghb. For

28



simplicity we condider a square neighborhood withdtiv 2> +1, where [x- r,y- 1],

[x- r,y+ 1], [x+r,y-r] and [x+r,y+r] are corners of such square. There are severals
approaches of computing the value of threshold:

Mean of the neighborhoodt(x,y) = mean { f(i j)}
&

Median of the neighborhoodt (x, y) = median{ f(i j)}
T

Mean of the minimum and maximum value of the heaghbod:

1 . .
they)=5  min {1(0.0} + max {f(i i)
y-1£ Ey+r y-1E Ey+r

The new valuef (x, y) of pixel [x, y] is then computes as:

0 if f(x.y)T (04(x.y)
1t £ ()T (0t(x,y))

fexy)=

4.2 Normalization of dimensions and resampling

Before extracting feature descriptors from a bitmgmresentation of a character, it is necessary
to normalize it into unified dimensions. We underst under the term “resampling” the process
of changing dimensions of the character. As origifrmensions of unnormalized characters are
usually higher than the normalized ones, the charsaare in most cases downsampled. When
we downsample, we reduce information containetiénprocessed image.

There are several methods of resampling, sucheapiel-resize, bilinear interpolation or
the weighted-average resampling. We cannot determimch method is the best in general,
because the successfulness of particular methoehdepon many factors. For example, usage
of the weighed-average downsampling in combinatith a detection of character edges is not
a good solution, because this type of downsamglimgs not preserve sharp edges (discussed
later). Because of this, the problematic of chamaotsampling is closely associated with the
problematic of feature extraction.

We will assume thatm” n are dimensions of the original image, amal' n' are
dimensions of the image after resampling. The botal and vertical aspect ratio is defined as
r, =m¢ m andr, =n@n, respectively.

4.2.1 Nearest-neighbor downsampling

The principle of the nearest-neighbor downsamping picking the nearest pixel in the original
image that corresponds to a processed pixel initfage after resampling. Lef (x, y) be

a discrete function defining the original imagectstas & x<m and CE y<n. Then, the
function fG(x ,¢y)‘ of the image after resampling is defined as:

faxgy)ef =, =
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where CE x¢<mr'and CE y¢<n.

If the aspect ratio is lower than one, then eactelpin the resampled (destination) image
corresponds to a group of pixels in the originahg®, but only one value from the group of
source pixels affects the value of the pixel intbgampled image. This fact causes a significant
reduction of information contained in original inea¢see figure 4.5).

Figure 4.4: One pixel in the resampled image corresponds toapgof pixels in the original image

Although the nearest neighbor downsamping sigmtigareduces information contained in the
original image by ignoring a big amount of pixeiispreserves sharp edges and the strong
bipolarity of black and white pixels. Because oistithe nearest neighbor downsamping is
suitable in combination with the “edge detectioedture extraction method described in section
4.3.2.

4.2.2 Weighed-average downsampling

In contrast with the nearest-neighbor method, tbekted-average downsamping considers all
pixels from a corresponding group of pixels in thginal image.
Let r, andr, be a horizontal and vertical aspect ratio of #eampled image. The value of

the pixel [x¢y]I in the destination image is computed as a meaouwifce pixels in the range
[Xmim ymin] to [Xmax’ ymax] :

f(xy)e L T )
X | )
(Xmax - Xmin)x( ymax - ymin) 1=Xmin 1=Ymin
where:
_xe oy _ Xt yor1
Xmin = r, » Ymin ry 1 Xmax r, !} Jmax ry
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The weighted-average method of downsampling doepneserve sharp edges of the image (in
contrast with the previous method). You can seevitigal comparison of these two methods in
Figure 4.5.

i

2 d
[ |
LR
(]|

n¢ n nd n

md m md m

E Figure 4.5:(a) Nearest-neighbor resampling significantly restuimformation contained in
the original image, but it preserves sharp eddysMeighted average resampling gives a
better visual result, but the edges of the resalnat sharp.

4.3 Feature extraction

Information contained in a bitmap representatiormmfimage is not suitable for processing by
computers. Because of this, there is need to desarcharacter in another way. The description
of the character should be invariant towards thedusnt type, or deformations caused by a
skew. In addition, all instances of the same charashould have a similar description. A
description of the character is a vector of numeasles, so-called “descriptors”, or “patterns”:

X=X %)

Generally, the description of an image region isselol on itsinternal and external
representation. The internal representation ofinzage is based on its regional properties, such
as color or texture. The external representatiochissen when the primary focus is on shape
characteristics. The description of normalized abgars is based on its external characteristics
because we deal only with properties such as ctearabape. Then, the vector of descriptors
includes characteristics such as number of linags,blakes, the amount of horizontal, vertical
and diagonal or diagonal edges, and etc. The faixiraction is a process of transformation of
data from a bitmap representation into a form aofcdetors, which are more suitable for
computers.

If we associate similar instances of the same cleranto the classes, then the descriptors
of characters from the same class should be geimaigtrclosed to each other in the vector
space. This is a basic assumption for successtibifdbe pattern recognition process.

This section deals with various methods of featxteaction, and explains which method is
the most suitable for a specific type of charattiémap. For example, the “edge detection”
method should not be used in combination with aretlibitmap.

4.3.1 Pixel matrix

The simplest way to extract descriptors from a bjinimage is to assign a brightness of each
pixel with a corresponding value in the vector ebckriptors. Then, the length of such vector is
equal to a squaren(*h) of the transformed bitmap:
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i ,
. =f — ,mod, (i
x =t - mod, (i)
whereil 0, w<h- 1.

Bigger bitmaps produce extremely long vector of cdesors, which is not suitable for
recognition. Because of this, size of such proakdsemap is very limited. In addition, this
method does not consider geometrical closenessxelspas well as its neighboring relations.
Two slightly biased instances of the same charactamany cases produce very different
description vectors. Even though, this method itable if the character bitmaps are too blurry
or too small for edge detection.

A — 251, 181, 068, 041, 032, 071, 197
‘ 196, 014, 132, 213, 187, 043, 041
174, 011, 200, 254, 254, 232, 164
‘ 202, 014, 012, 128, 242, 2565, 25¢
hi ) x= 253,212,089, 005, 064, 196, 25
‘ 255, 255, 251, 196, 03009, 165,
127, 162, 251, 254, 197, 009, 108
‘ 062, 005, 100, 144, 097, 006, 17¢
e 207, 083, 032, 051, 053, 134, 25(

Figure 4.6: The “pixel matrix” feature extraction method

4.3.2 Detection of character edges

In contrast with the previous method, the detectdncharacter edges does not consider
absolute positioning of each pixel, but only a nembf occurrences of individual edge types in
a specific region of the character bitmap. Becaofsthis, the resulting vector is invariant

towards the intra-regional displacement of the edgmd towards small deformations of
characters.

Bitmap regions

Let the bitmap be described by a discrete functfc(rx, y), wherew and h are dimensions,
such as @ x<w and CE y< h. We divide it into six equal regions organizedhree rows and
two columns in the following way:
Let xO yO  and xU  yY  be an upper left and bottom right point of a regte,
which determinates the region such as:
Regionr, @ x5 =0,y =0, X2, =

w
E Ymax

-1, YO = h -1
3

. W h
Reglonrl : Xr('r}i)n: E ’ yr(rfl)nzo ’ Xr('r};xzw'l ) ys;xz 5 -1

. h w 2xh
Reglonr2:x,‘nziL:O,yr‘]ﬁ%:5 ,xr‘]ng:E-Lyr(]ng:T-l
. w h 2xh
Reglonrg:xfnsia]:E , rﬁ%:g ’XSQXZW'l,YS;ﬁT -1



Regionr, : X9 =0, yih= 220 X8= ¥,y =h-1
w 2h
2 3
There are several ways how to distribute regionthéncharacter bitmap. The regions can be
disjunctive as well as they can overlap each othke figure 4.7 shows the several possible
layouts of regions.

Regionry : X3 = — o = X =w-1, Y9, =h-1

1 2 1 2 1 2 1 2 g
5 2
3 4 3 14 15
37 30 14 3
5 16 6T
4

Figure 4.7: Layouts of regions in the character bitmap. Théomegycan be disjunctive as well as they
can overlap each other.

Edge types in region

Let us define an edge of the character as a 2x@&sdrblack transition in a bitmap. According
to this definition, the bitmap image can contaiarteen different edge types illustrated in figure

4.8
0 1 2 3 4 5 6 7 8 9 10 11 12 13
Figure 4.8: The processed bitmap can contain different typexafedges.

The statistics of occurrence of each edge typeesauselessly long vector of descriptors.
Because of this, the “similar” types of edges awastdered as the same. The following lists
shows how the edges can be grouped together:

0+ 1 (vertical edges)

2 +3 (horizontal edges)

4+ 6+ 9 (“"-type diagonal edges)
5+ 7+ 8 (“\-type diagonal edges)
10 (bottom right corner)

11 (bottom left corner)

12 (top right corner)

13 (top left corner)

NGk WDNE

For simplicity, assume that edge types are notmgduogether. Let be a number of different
edge types, wherk; is a 2x2 matrix that corresponds to the spegjfietof edge:

h_1oh_o1h_11h_ooh_loh_ 1h_1o
°“ 10’ 01?2 00'® 11"* 01" 10" 00
01 00 00 01 10 11 11
h, = h, = hg = h,, = h,. = h,, = h,.=
““o00’%® 10'° o01’® 11" 117 01" 10
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Let r be a number of rectangular regions in the charditeap, wherex®) , y& = x) ~and
() are boundaries of the region (i 0 7~ 1). If the statistics conside different edge

ym ax

types for each o regions, the length of the resulting veckoris computed a# » :
X=(%0: % 2 % 1)

Feature extraction algorithm

At first, we have to embed the character bitmh()x, y) into a bigger bitmap with white

padding to ensure a proper behavior of the feaunection algorithm. Let the padding be one
pixel wide. Then, dimensions of the embedding bgmaill be w+2 and h+2. The

embedding bitmapf {x, y) is then defined as:

f 1 if x=0Uy=0Ux =w +1 Uy =h 4
(%)= f(x-Ly 1) if @(x @ y= 0 x=w W y=h+]

where w and h are dimensions of character bitmap befemgedding. Color of the padding is
white (value of 1). The coordinates of pixels ardted one pixel towards the original position.

The structure of vector of output descriptorslissirated by the pattern below. The notation
h; @r, means “number occurrences of an edge represeytibe lnatrixh; in the regionr,”.

x=(hy@roh, @y, Ny, @0, @0, @,, h, ;, @h,@ h,1@ , .0 1@}

regiontr, regionn regionr,

We compute the positiok of the h; @r; in the vectorx as k=i +j, where/ is the
number of different edge types (and also the nurabeorresponding matrices).

The following algorithm demonstrates the computatibthe vector of descriptors:

zeroize vector X
for each region I;, where il 0, ,r- 1do
begin
for each pixel [X, y] in region r.where XD ExEX) and Yy £yE V) do
begin
for each matrix hj , Where ]T 0, ,/+ 1do
begin

T fx,y) f fx+1,y)

P ofdx, y+])  f fx+1y+) then

begin
let k=i +
let X, =X, +1
end
end
end

end
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4.3.3 Skeletonization and structural analysis

The feature extraction techniques discussed inptlegious two chapters are based on the
statistical image processing. These methods docansider structural aspects of analyzed
images. The small difference in bitmaps sometimeans a big difference in the structure of
contained characters. For example, digits ‘6’ a8ichave very similar bitmaps, but there is a
substantial difference in their structures.

The structural analysis is based on higher conabpts the edge detection method. It does
not deal with terms such as “pixels” or “edges” bconsiders more complex structures (like
junctions, line ends or loops). To analyze thesacsires, we must involve the thinning
algorithm to get a skeleton of the character. Toigpter deals with the principle of
skeletonization as well as with the principle afistural analysis of skeletonized image.

The concept of skeletonization

The skeletonization is a reduction of the strudtwiaape into a graph. This reduction is
accomplished by obtaining skeletonof the region via the skeletonization algorithnheT
skeleton of a shape is mathematically defined asedial axis transformationlTo define the
medial axis transformation and skeletonization algm, we must introduce some elementary
prerequisite terms.

Let N be a binary relation between two pix¢ls y] and[x¢yJ, such asaNb means ‘a
is a neighbor ob”. This relation is defined as:

[%, y|Ng[>¢ yPO | x %¢D |y ¥ ¢1 for eight-pixel neighbourhoc
[% YN[ ¢ y|¢e0 |x *¢A |y 5 ¢1 for four-pixel neighbourhoo

The borderB of character is a set of boundary pixels. Thelpﬁxey] is a boundary pixel, if it
is black and if it has at least one white neighibdhe eight-pixel neighborhood:

[yl B f(xg 08 [y (x ¥ @ xyN[ x¢}

The inner region of character is a set of black pixels, which aseboundary pixels:

[xy]Il O f(xy O [x) B

Four-pixel .
p I
pb
Pl e | I
Eight-pixel pl o
l:)bl pb I:)br

B Figure 4.9: (a) lllustration of the four-pixel and eight-pixe¢ighborhood. (b) The set of
boundary and inner pixels of character.

The pieceR is then a union of all boundary and inner pixé®&s=B E|). Since there is only
one continuous group of black pixels, all blackgtixbelong to the piecB. The principle and
the related terminology of the skeletonization amilar to the piece extraction algorithm
discussed in section 3.2.1.
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Medial axis transformation

The medial axis transformation of the pieRedefined as follows. For each inner pixgl |,
we find the closest boundary pix@, T B. If a pixel p has more than one such neighbor, it is

said to belong to the medial axis (or skeletonjhef R. The concept of the closest boundary
pixel depends on the definition of the Euclideastatice between two pixels in the orthogonal
coordinate system. Mathematically, the medial éxisskeleton)S is a subset of th® defined
as:

pl Vs § p:ipUB TpUB ¢ p=) @ p=p min{ (@ .pd

The pixel p belongs to the medial axis if there exists at least two pixelg and p,, such as
Euclidean distance between pixgdsand p, is equal to the distance between pixplsaand p,,
and these pixels are closest boundary pixels tel gix

The Euclidean distance between two pixpjs=[ %, y] and p, =[%,, y,] is defined as:

d(m ) =8(x- %)%~ %)’

Skeletonization algorithm

Direct implementation of the mathematical definitiof the medial axis transformation is
computationally expensive, because it involvesuating the distance from every inner pixel
from the setl to every pixel on the bounda.

The medial axis transformation is intuitively defthby a so-called “fire front” concept.
Consider that a fire is lit along the border. Adeffronts will advance into the inner of character
at the same speed. The skeleton of a characteerisa set of pixels reached by more than one
fire front at the same time.

The skeletonization (or thinning) algorithm is bdsen the “fire front” concept. The
thinning is a morphological operation, which pressr end-pixels and does not break
connectivity. Assume that pixels of the piece deelb (value of zero), and background pixels
are white (value of one).

The thinning is an iterative process of two sudeessteps applied to boundary pixels of a
piece. With reference to the eight-pixel neighbadhaotation in figure 4.9, the first step flags a
boundary pixelp for deletion if each of the following conditiors satisfied:

At least one of the top, right and bottom neightsiothe pixel p must be white (the
pixel p is white just when it does not belong to the pi&je

p'IRU piIRU iR
At least one of the left, right and bottom neighbbrpixel p must be white.
piRU pIRU pPIiR

The pixel p must have at least two, and at most six blackhiigs from the piec&.

This condition prevents the algorithm from erasemgl-points and from breaking the
connectivity.
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2£‘{ p¢ pN; p € p'I'(R}‘E 6

The number of white-to-black transitions in theematl sequence
p,p", 0.8 .8.8, b, B, bmustbe equal to one.

v(PTRU gTR } { IR0 R4 (RU IR +) (RO B )
v(PTRU PR } { BTRU BR 4 (RO iR +) {IRU TRv=) 1

The first step flags pixelp for deletion, if its neighborhood meets the candi above.
However, the pixel is not deleted until all othérgls have been processed. If at least one of the
conditions is not satisfied, the value of piyelis not changed.

After step one has been applied to all boundarglpjxthe flagged pixels are definitely
deleted in the second step. Every iteration ofdhe® steps thins the processed character. This
iterative process is applied until no further pisxate marked for deletion. The result of thinning
algorithm is a skeleton (or medial axis) of theqassed character.

Let the pieceR be a set of all black pixels contained in skeleted character.
Let B be a set of all boundary pixels.

The following pseudo-code demonstrates the thinalggrithm more formally. This algorithm
proceeds the medial axis transformation over agpiec

do // iterative thinning process
let continue = false

let B=0
for each pixel p in piece R do // create a set of boundary pixels

if $pCp tRU pNg p then //if the pixel p has at least one white neighbor
insert pixel p into set B // but keep it also iR

for each pixel p in set B do // 1.step of the iteration
begin

/I if at least one condition is violated, skip thigel

if Q( p'IRU p'iRU PIR ) then continue

if @( pIRU pPiRU PiR ) then continue

if Q(Z E‘{ pq: pNg p W p HR}‘E 6) then continue

if

v(PTRU gR } { BIRU R4 (RU R +) {RU iR )
v(PTRU PR }  BTRU PR 4 (RO iR +) {IRU TR ) 1

then
begin
continue
end
/I all tests passed
flag point p for deletion

let continue = true
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end

for each pixel p in set B do //2.step of the iteration
if P isflagged then

pull point p from piece R

while continue = true

Note: The pixelp belongs to the piecR when it is black:pIRU f(py 0

B Figure 4.10:(a) The character bitmap before skeletonizatiopnTz thinning algorithm
iteratively deletes boundary pixels. Pixels deletethe first iteration are marked by a
light gray color. Pixels deleted in the second timidl iteration are marked by dark gray.
(c) The result of the thinning algorithm is a skete(or a medial axis).

Structural analysis of skeletonized character

The structural analysis is a feature extractionhmetthat considers more complex structures
than pixels. The basic idea is that the substiaditfiference between two compared characters
cannot be evaluated by the statistical analysisaBge of this, the structural analysis extracts
features, which describe not pixels or edges, iritiore complex structures, such as junctions,
line ends and loops.

Junction

The junction is a point, which has at least threelneighbors in the eight-pixel neighborhood.
We consider only two types of junctions: the juoctiof three and four lines. The number of
junctions in the skeletonized pie€eis mathematically defined as:

n = ps*pe{ p BHTRU M, B
n? = ps*pe{ p AEIRU M, B

Line end

The line end is a point, which has exactly one g in the eight-pixel neighborhood. The
number of line-ends in a skeletonized piétés defined as:

ne=‘{p|$! n:{pgiRU N, 9}‘

The following algorithm can be used to detect theber of junctions and number line-ends in
a skeletonized piecR:
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let N, =0

let n,=0
for each pixel p in piece R do
begin
let neighbors= (
for each pixel p¢ in neighborhood {pt. p”, 0, F?r ) ﬁ ) ﬁl ) I5 E)} do
it pdR then

let neighbors= neighbors-

if neighbors= then
let ng,=n.+1
else if neighbors {then
let n;=n+1
end

En Figure 4.11:(a, b) The junction is a pixel, which as at lehseé neighbors in eight-

pixel neighborhood. (c) The line end is a pixeljatlhhas only one neighbor in eight-
pixel neighborhood (d) The loop is a group of pixethich encloses the continuous
white space.

Loops

It is not easy to determine the number of loopsn the skeletonized character. The algorithm

is based on the following principle. At first, weust negate the bitmap of the skeletonized
character. Black pixels will be considered as bambgd and white pixels as foreground. The

number of loops in the image is equal to a numbdakes, which are surrounded by these

loops. Since the lake is a continuous group oftavpixels in the positive image, we apply the

piece extraction algorithm on the negative imagedi®rmine the number of black pieces. Then,
the number of loops is equal to the number of blpidces minus one, because one piece
represents the background of the original imagegdtez to the foreground). Another way is to

use a series of morphological erosions.

BE Figure 4.12: (a) We determine the number of lakes in skeletoafplying the
piece-extraction algorithm on negative image. Tégative image (b) contains three
pieces. Since the piece 3 is a background, onlyptieces are considered as lakes.
(c)(d) The similar skeletons of the same charazderdiffer in the number of
junctions
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Since we do not know the number of edges of thdegke we cannot use the standard
cyclomatic equation know from the graph theoryatidition, two similar skeletons of the same
character can sometimes differ in a number of jonst(see figure 4.12). Because of this, it is
not recommended to use constraints based on thberurhjunctions.

Structural constraints

To improve the recognition process, we can assumetgral constraints in the table 4.1. The
syntactical analysis can be combined by other nustliescribed in previous chapters, such as
edge detection method or pixel matrix.

The simplest way is to use one global neural nékwtat returns several candidates and
then select the best candidate that meets thetwtalicconstraints (figure 4.13.a). More
sophisticated solution is to use the structuralst@mts for adaptive selection of local neural
networks (figure 4.13.b).

Line ends Loops Junctions
0 | BDOO8 CEFGHIJKLMNSTUVWXYZ123457| CDGIJLMNOSUVWZ012357
1 | PQ69 ADOPQRO09 EFKPQTXY469
2 | ACGIJLMNRSUVWZ123457 | B8 ABHRS8
3 | EFTY
4 | HKX

Table 4.1: Structural constraints of characters.

output

f

input

Figure 4.13:(a, b) Structural constraints can be applied bedoigkafter the recognition by
] the neural network. (c) Example of the skeletonialgthabet.

Feature extraction

In case we know the position of structural elementscan form a vector of descriptors directly
from this information. Assume that there are sdvéng-ends, loops, and junctions in the
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image. The position of loop is defined by its centfo form the vector, we must convert
rectangular coordinates of the element into pabmrtd:’nates{r,q] (see figure 4.14):

r=Jx€+yt:g=atg li: : xg= 22X W : yCI::ZXB;]_h
X W

where x¢ and y¢ are normalized rectangular coordinates.

The length and the structure of resulting vectaryweccording to a number and type of
structural elements contained in the characteiceSihe structural constraints divide characters
into the several classes, there are several pessipkes of description vector. Each type of
vector corresponds to one class of character.

For example, consider character with two line eadsl one junction. This constraint
determines the following class of possible characts, 1, J, L, M, N, S, U, V, W, Z, 1, 2, 3, 5,
7). We define a vector of descriptors to distinguigtween these characters as follows:

X= (r1-CI1!r2vL72 vrsv%)

line end line end junction
1 2

[x.y] [r.q]
X

B Figure 4.14:(a) The skeleton of the character contains sestmattural elements, such
as junctions, loops and line ends. (b, ¢) Each etdrman be positioned in the
rectangular or polar coordinate system.
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Chapter 5

Recognition of characters

The previous chapter deals with various methodgeafure extraction. The goal of these
methods is to obtain a vector of descriptors (dkedapattern), which comprehensively

describes the character contained in a processedi The goal of this chapter is to introduce
pattern recognition techniques, such as neural or&sywhich are able to classify the patterns
into the appropriate classes.

5.1 General classification problem

The general classification problem is formulatethgighe mapping between elements in two
sets. LetA be a set of all possible combinations of descriptandB be a set of all classes.
The classification means the projection of groupsimhilar element from the sef into a
common class represented by one element in theBseThus, one element in the sé&t
corresponds to one class. Usually the group ofngdisishable instances of the same character
corresponds to the one class, but sometimes ose i@aresents two mutually indistinguishable
characters, such as “0” and “O”.

Let F be a hypothetic function that assign each elerfient the setA to an element from
the setB:

F:A® B
X =F(x)
where xI A is a description vector (pattern) which descriltles structure of classified
character an&| B is a classifier, which represents the semanticsioh character .
The function F is the probably best theoretical classificatorf it construction is
impossible since we cannot deal with each comlmnabif descriptors. In praxis, we construct

pattern classifier by using only a limited subsetnre A® B mappings. This subset is known
as a “training set”, such a#, I A and B, 1 B. Our goal is to construct an approximation

F (x,w) of the hypothetic functior- , wherew is a parameter that affects the quality of the
approximation:

F(w):A® B

x=F(x,w)

wherex] Al A, %1 Bl B. Formally we can say tha(w) is a restriction of the projection
F overaseth I A.We assume that for eashl A we know the desired valugl B :

Xo ® Xo, X ® X, X® X, X, ® X,
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Figure 5.1: The projection between ses and B. The F is a hypothetic function that maps every
possible combination of input pattexd A to a corresponding classl B. This projection is

approximated by a functiofr (W) , which maps input patterns from training ggtinto the

corresponding classes from the &t

The problem is to find an optimal value (or value$)a parametew . The w is typically a
vector (or matrix) of syntactical weights in a ralunetwork. According to this parameter, the

values of the functiorF (x,w) should be as closest as possible to the valués(g} for input

patternsx from the training sety, . We define an error function to evaluate worthinesthe
parametemw :

m-1

E(w)=5 (FOow)-% )

where m is a number of patterns, X, , in the training setA . Let w, to be an optimal
value of the parametew , such asw, =arg rp\an{ E(w)} . Then, the approximatiof (x,w, ) of
Wi

the function F (x) is considered as adapted. The adapted approxim&tix,w,) simulates
original function F (x) for patternsx from the training sety, . In addition, this approximation

is able to predict the output classifier for unknown patternx from the “test” setA,
(A =A- A). The function with such prediction ability paflyasubstitutes the hypothetic

classificator F (x) . Since the functiorF (x,w) is only a model, we use a feed-forward neural
network for its implementation.

5.2 Biological neuron and its mathematical models

For a better understanding of artificial neurawark architecture, there is a need to explain the
structure and functionality of a biological neurdime human brain is a neural network of about
ten billions interconnected neurons. Each neuroa ¢=ll that uses a biochemical reaction to
process and transmit information. The neural call & body of size about several micrometers
and thousands of input connections called “dergltité also has one output connection called
“axon”, which can be several meters long. The diaa& in the biological neural network is
represented by electrical signal, which propagatesg the axon. When the signal reaches a
synaptic connection between the axon and a corigecdendrite, it relieves molecules of
chemical agent (called mediators or neuro-transmsiftinto such dendrite. This action causes a
local change of polarity of a dendrite transmissieambrane. The difference in the polarity of
the transmission membrane activates a dendritetsoipatential wave, which advances in a
system of branched dendrites into the body of neuro
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axon

Figure 5.2: The biological neuron

The biological neural network contains two typessghaptic connections. The first is an
excitive connection, which amplifies the passingnal. The second (inhibitive) connection
suppresses the signal. The behavior of the commeidirepresented by its “weight”. The neural
network contains mechanism which is able to alierweights of connections. Because of this,
the system of synaptic weights is a realizationhafman memory. As the weights are
continually altered, the old information is beirmmydotten little by little.

~\ =

E Figure 5.3:(a) Schematic illustration of the neural cell ()eTsynaptic connection
between a dendrite and terminal button of the axon

Since the problematic of the biological neuron ésyvdifficult, the scientists proposed several
mathematical models, such as McCulloch-Pitts bitlargshold neuron, or the percepton.

5.2.1 McCulloch-Pitts binary threshold neuron

The McCulloch-Pitts binary threshold neuron was firet model proposed by McCulloch and
Pitts in 1943. The neuron has only two possibl@aitalues (0 or 1) and only two types of the
synaptic weights: the fully excitative and the yulhhibitive. The excitative weight (1) does not
affect the input, but the inhibitive one negategsli.
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The weighted inputs are counted together and pseddsy a neuron as follows:

J-1
y=9  w;xx -J
j=0
(x)= 0 if x<O
IWI= 1 i xs0
This type of neuron can perform logical functiongls as AND, OR, or NOT. In addition,
McCulloch and Pitts proved that synchronous arfaguzh neurons is able to realize arbitrary
computational function, similarly as a Turing mawhi Since the biological neurons have not
binary response (but continuous), this model ofoeis not suitable for its approximation.

5.2.2 Percepton

Another model of neuron is a percepton. It has lgewed that McCulloch-Pitts networks with
modified synaptic connections can be trained ferrétognition and classification. The training
is based on a modification of a neuron weightspating to the reaction of such neuron as
follows. If the neuron is not active and it shoble, we increase the weights. If the neuron is
active and it should not be, we decrease them. Jiimgiple was been used in a first model of
the neural classifier called ADALINE (adaptive laxeneuron). The major problem of such
networks is that they are not able to solve lineadnseparable problems.

This problem has been solved when the scientistsdfhart, Hilton and Williams proposed
the error back-propagation method of learning foitiayered percepton networks. The simple
McCulloch-Pitts binary threshold neurons have beeplaced by neurons with continuous
saturation input/output function.

Percepton has multiple analogous inputs and onlegos output. Letx, X, ; be inputs

with corresponding weightsv , w; ;. The weighted inputs are counted, thresholded and
saturated together in the following way:

y=9  w;xx -J

1+e”*

where g(x) is a sigmoid saturation function (see figure 5.4abd J, is a threshold value.

Sometimes, the threshold is implemented as a dedidaput with a constant weight of -1 (see
figure 5.4.a). Then, the function of a neuron canshnplified toy = g(x >w) wherex is a

vector of inputs (including the threshold valuendav is a vector of weights (including the
constant weight -1).
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E Figure 5.4:(a) The summatiorS and gain (saturationy) function of the percepton with a
threshold implemented as a dedicated input. (b)sidmaoid saturation function.

5.3 Feed-forward neural network

Formally, the neural network is defined as an addrgraphG =(N, E), where N is a non-
empty set of neurons, artd is a set of oriented connections between neufdms.connection
e(n, r1I)T E is a binary relation between two neuramsand n¢. The set of all neurondl is

composed of disjunctive sets,, N,, N,, whereN. is a set of all neurons from tH&layer.
N=N,E NE N,

The |" weight of a'f' neuron in a Rlayer is denoted ag{) and the threshold of'ineuron in a

k™ layer is denoted ag™ . Numbers of neurons for the input (0), hidden @yl output (2)
layer are denoted as, n, o, such asm=|Ny|, n=|N]| ando=|N,|.

The number of neurons in the input layen)is equal to a length of an input pattetnin
order that each value of the pattern is dedicatexhe neuron. Neurons in the input layer do not
perform any computation function, but they onlytiligite values of an input pattern to neurons
in the hidden layer. Because of this, the inpuetayeuron has only one input directly mapped

into multiple outputs. Because of this, the thrédvalue .]i(o) of the input layer neuron is equal
to zero, and the weights of inputdy are equal to one.

The number of neurons in the hidden laya) {s scalable, but it affects the recognition
abilities of a neural network at a whole. Too feaurons in the hidden layer causes that the
neural network would not be able to learn new pasteToo many neurons cause network to be
overlearned, so it will not be able to generalinknown patterns as well.

The information in a feed-forward neural networlprepagated from lower layers to upper
layers by one-way connections. There are connectioty between adjacent layers, thus feed-
forward neural network does not contain feedbacknections, or connections between
arbitrary two layers. In addition, there exist nmnoections between neurons from the same
layer.
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Figure 5.5: Architecture of the three layer feed-forward neuneativork.

5.4 Adaptation mechanism of feed-forward neural naetork

There has been proven that a multilayered neuralank composed of perceptons with a
sigmoid saturation function can solve an arbitraop-linear problem. Mathematically, for each

function F : "® ° there exists a multilayered feed-forward neurdivoek that is able to
realize this function. The proof is based on thénkagorov’s theorem, which tells that every

continuously growing functionf defined on interva{O,]}m can be written as:

2m m-1

f(xo )ﬂn-1)=' a; fi,j()ﬁ)

i=0 j=0
where a; are properly chosen continuous functions with paemeter.

The problem is how to construct the neural netwarkresponding to a given non-linear
function. At first, we choose a proper topologytloé network. The number of neurons in the
input and output layer is given by lengths of theut and output patterns, while the number of
neurons in the hidden layer is scalable.

An adaptation of the neural network means findihg pptimal parametew, of the
approximation functionF (x,w) discussed in section 5.1. Let us define two efuoctions to

evaluate a worthiness of the parameter
A A )

EF% (F(xi,w)-xi)z;EX:% (F(xi,w)-xi)

i i
where subscript “t” means “train”, and “x” meansst’. TheE, is an error function defined for
patterns from the training set, aiij for patterns from the test set. The response ehtural
network to an input patter is given asy; = F(x;,w).
The error functionE, goes down as a number of neurons in the hiddesr lgnows. This

relation is valid also between the functi@ and a number of iterative steps of the adaptation
process. These relations can be mathematicallyibedcas follows:
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where n is the number of neurons in the input layer &nds the number of iteration steps of
the adaptation process.
The error functionE, does not have a limit at zero asandk goes to infinity. Because of

this, there exists an optimal humber of neuronsapitinal number of iteration steps, in which
the functionE, has a minimum (see figure 5.6).

E,

» nork

Figure 5.6: Dependency of error functiors, and E, on the number of neurons in input layer)(
and the number of iteration stegds )

For simplicity, we will assume only a feed-forwaméural network with one layer of hidden
neurons defined in section 5.3. All neurons in eeljd layers are connected by oriented
connections. There are no feedback connectiongonnections between neurons within a
single layer.

The activities of hidden and output neurons aredefas:

m

-1 n-1
— ) @ . - 2) (2)
z=9 wWixx JY jv=g wixz 4
j=0 j=0
activities of neurons in the hidden lay  activities of neurons in the output lay

where g(x) is a sigmoid saturation function (see figure 5.4.b

5.4.1 Active phase

Evaluation of the activities of hidden and outpeturons is performed in so-called “active
phase”. The active phase consists of two stedw@etlayer neural networks. The first step is an
evaluation of activitiesz in the hidden layer, and the second step is aluatian of activities
y,. Since the evaluation of activities is performedni bottom layers to top ones, the term
“feed-forward” refers to this principle. The actiyghase corresponds to an approximation
F (x,w) of function F (x), and it is performed every time when there is edn classify the

input pattern x .
The following pseudo-code demonstrates the acthase of feed-forward neural network.
The notation is the same as in figure 5.5.
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procedure activePhase (input: W, // vector of thresholds and weights
X; [/l'input pattern to be classified
output: Z, [l vector of activities of neurons in hidden layer
Y /I vector of activities of neurons in output layeeural

network response)
. )
begin
/I first step: evaluate activities of neurons ia thdden layer

for each neuron in hidden layer with index ilT0o, n 1do
begin
et x=w JY

for each input with index jT 0, )m 1do

_ 1)
let  Xx=x+w W) xx

let z =g(x)

end

/I second step: evaluate activities of neuronkénautput layer
for each neuron in output layer with index il 0, 0 1do
begin

let x=w J®
for each input with index ]T 0, n 1do

— 2)
et x=x+w WP xz

let Y, =g(x)
end
end

5.4.2 Partial derivatives and gradient of error furction

The goal of the training phase is to find optimalues of thresholds and weights to minimize
the error functionE, . Adaptation phase is an iterative process in whicksponsg to an input

patternx is compared with the desired responseThe difference between the obtained and
desired response is used for a correction of weidhie weights are iteratively altered until the
value of the error functiof, is negligible.

Gradient of error function related to a single patern

We compute a gradierg of an error function related to a single patterrwith desired and

obtained responseg and X. The gradientg is computed in direction from upper layers to
lower layers as follows:

At first, we compute components of the gradienated to thresholdsﬁ(z) in the output
layer as

IE N
ﬂ‘]_(2) =(yi B )g)X(l- y)xy
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Then, we compute components of the gradient relmetdresholdsJi(l) in the hidden layer.
These components are computed using the compon%% from the previous step as

follows:

o-1 ﬂE
J(l) =4 >( ) (2) V};Z)
]=0

Similarly, we compute components of the gradietiateal to weightsw(? and w® in the
following way:

€ _E _  fE _ IE
W @ X o 70 ;i

The gradientg is a vector of components is given as follows:

1E 1 9E fE SE TE TE T1E
o) W WY S e W WG W

g:

Overall gradient

The overall gradient is defined as a summary otligres related to individual patterns of the
training setA . Let g,,; be a gradient related to a training paitx. The overall gradient is

A
computed as g, -

X/X

5.4.3 Adaptation phase

The adaptation phase is an iterative process dirfinoptimal values of weight and thresholds,
for which a value of the error functioB, is in a local minimum. The figure 5.7 schematigall

illustrates a graph of the functiok, - so called “error landscape”. Generally, the erro
landscape igw|+1 dimensional, wheréw| is a cardinality of the vector of thresholds and
weights, such as:

(7@ 0 72 (2) \Ww® (6] (2) (2)
W—(Jo v o o1 Woor Wa i 0Woo  Wo Ty )

50



> m

v T

Figure 5.7: The numeric approach of finding the global minimumthe error landscape.

The vector of optimal thresholds and weights is represented by a global minimum in the

error landscape. Since we cannot compute this mimiranalytically, we have to use a numeric
approach. There are various humeric optimizatigorithms, such as Newton’s method, or the
gradient descent. We use the gradient descentithigoto find the global minimum in the error
landscape. The single step of the iterative algorican looks like follows:

k+1J(|)_kJ(I) / ZTE m ( o _k3 (I))
70

+ _ TE .
“ 1W|(,|i) - kW(,lj) -/ ﬂkwi(|j)+mx(kv}}}) - 1\M'I))

where “w{) is a weight of the connection between thaéuron in ' layer and ' neuron in I-
1" layer computed in a'kstep of iterative process.

The speed of convergence is represented by a pamame Too small value of the
parameter / causes excessively slow convergence. Too big valu¢he / breaks the
monotony of convergence. Thei is a momentum value, which prevents the algorithfm
getting stuck in local minimums.

TE 1E

Note: The notationg 0 means “the componen‘[{uT of the vector (or gradient). The
% is a partial derivative of error functioE by the threshold valug® . Similarly, the
TE tial derivative of functioE by the value of hed!)
vv(') is a partial derivative of functio& by the value of weighw/ ;.

The whole adaptation algorithm of feed-forward éuretwork can be illustrated by the
following pseudo code.
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procedure adaptation (input:

M, [/l momentum value
kmax, /I maximum number of iterations
e, Il precision of adaptation process
output: W, , /I vector of optimal weights and thresholds
)
begin
initialize weights and thresholds in W to random values
let W, =W //we haven't a previous value 8¢ at the beginning
let k=0, E=¥
while kE£k  UE>e do
begin
/I compute overall gradient
zeroize overall gradient g
for each pair X/X of A do
begin
/I compute gradientd, ;5 for training pairX/)A(
zeroize gradient O,/%
activePhase( W, X, Z, Y)// compute activitiesz, y
ye e % )x(L- y)x
for each threshold i do  Oy5 W —(yi 3 )g) ( = y) y
I
for each threshold J-(l) do
o-1
IE 2)
Oy/% (1) =4 >(1 ) X Oyx 72 W J
ﬂ-] j=0 ﬂ]i
IE IE
for each weight w2 do Ous = = %usx = X
1] X/ ﬂ\Nﬁ) X1 X ﬂJi(z) j
E fE
for each weight V\il(l-) do O, — = =0 ——+ ;
oA / /
XI'X ﬂ\/\é’]i) X1 X ﬂ‘]l(l) ]
let 9=0+3g,s
end
/I alter values of thresholds and weights accortinifpe gradieng
for each threshold JYin w, do
M =y g0 fE 0 0
let W Ji’' =W J;’ -/ xg Il #1 %W.]i Woey )
I
for each weight V\il(ll) in W, do
- 1 1 1)
let  Wey M i =w \M - /% xg \N(I) wn %W V\; -Wprev V\f,j )
|Et Wprev =W U w= Wnext
end
let W, =w
end

A , [/l training set of patternX/)A(

!, Il speed of convergence
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5.5 Heuristic analysis of characters

The segmentation algotithm described in chapteeethcan sometimes detect redundant
elements, which do not correspond to proper charsciThe shape of these elements after
normalization is often similar to the shape of auéers. Because of this, these elements are not
reliably separable by traditional OCR methods,@lth they vary in size as well as in contrast,
brightness or hue. Since the feature extractiomatt described in chapter four do not consider
these properties, there is aneed to use additibeafistic analyses to filter non-character
elements. The analysis expects all elements te t&milar properties. Elements with
considerably different properties are treated aalid and excluded from the recognition
process.

The analysis consists of two phases. The first elugsls with statistics of brighness and
contrast of segmented characters. Characters arertrmalized and processed by the piece
extraction algorithm.

Since the piece extraction and normalization ofjfiimiess disturbs statistical properties of
segmented characters, it is necessary to procedtshphase of analysis before the application
of the piece extraction algorithm.

In addition, the heights of detected segments aneesfor all characters. Because of this,
there is a need to proceed the analysis of dimaasafter application of the piece extraction
algorithm. The piece extraction algorithm stripd @fhite padding, which surrounds the
character.

Respecting the constraints above, the sequendeps san be assembled as follows:

Segment the plate (result is in figure 5.8.a).

Analyse the brightness and contrast of segmentescidde faulty ones.
Apply the piece extraction algorithm on segmengsiftt is in figure 5.8.b).
Analyse the dimensions of segments and excludgyfanks.

hobdPRE

0 1 2 3 4 5 6 7 8 9 0

Figure 5.8: Character segments before (a) and after (b) apiolicaf the piece extraction
B algorithm. This algorithm disturbs statistical pesties of brightness and contrast.

If we assume that there are not big differencelsrightness and contrast of segments, we can
exclude the segments, which considerably diffeosnfthe mean. Let"isegment of plate be

defined by a discrete functiof, (x, y), wherew and h are dimensions of the element. We
define the following statistical properties of dareent:

The global brightness of such segment is defined m®an of brightnesses of individual
pixels:

W

_ h
m'= f(xy)

x=0 y=0
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The global contrast of thd”isegment is defined as a standard deviation ohtrégses of
individual pixels:

W

" (p,ff)' F(x y))2

x=0 y=0
W

p =

The function f(x, y) represents only an intensity of grayscale images, the additional

heuristic analysis of colors can be involved to iaye the recognition process. This analysis
separates character and non-character element®lon lzasis. If the captured snhapshot is
represented by a HSV color model, we can direcaiiyute the global hue and saturation of the
segments as a mean of hue and saturation of ingivjgixels:

w h W

4 . h
Y = h(xy) ; p{ = s(x )

x=0 y=0 x=0 y=0

whereh(x, y) and s(x y) is a hue and saturation of the certain pixel s #8V color model.

If the captured snapshot is represented by a RG& awodel, there is need to transform it to
the HSV model first.
To determine the validity of the element, we corepan average value of a chosen property
n-1
over all elements. For example, the average bragistiis computed ap, = pf)') , wheren is
i=0
a number of elements. The eleménis considered as valid, if its global brightneg%’ does
not differ more than 16 % from the average brightnp,. The threshold values of individual

properties have been calibrated as follows:

M _ p

. - B, P
brightness (BRI) T <0.16 Contrast (CON) ——=<0.1
C
p(i) - P (M _ P
hue (HUE) - Th <0.145 Saturation (SAT) = 5<0.24
P Ps
. h-h width/height ratio 0.1<™ < 0.0;
Height (HEI) ‘ = <0.2 (WHR) . 9z

If the segment violates at least one of the comggabove, it is considered as invalid and
excluded from the recognition process. The taldlecbntains properties of elements from figure
5.8. According to this table, elements 0 and 10ehbeen refused due to an uncommon
width/height ratio, and elements 1 and 4 due tmallsheight.
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i | BRI | CON | HUE | SAT | HEI | WHR Viclated

constraints

70| 0247 | 0038| 0152] 023§ 0180 0093 BRIHUEWHR

T 1| 0034 | 0096| 0181] 0134 0554 0833 HUEHE

]| 2 [ 0002 | 0018 0030 003§ 004D  0.642

T/ 3 [ 0084 | 0012| 0003| 006] 0189  0.625

] 4| 0001 | 0003] 0021 0059 0777 1.666 HELWHR

7|5 [ 0117 | 0016| 0002] 0063 0180  0.625

| 6| 0063 | 0016] 0007 005§ 0180  0.562

| 7 | 0025 | 0011 0025 002§ 011fF 0533

|8 [ 0019 | 0025 0012 0034 011f  0.600

|9 [ 0019 | 0048 0009 004§ 011f 0533

7 /10| 0062 | 0009| 0041 0018 018 0095 WHR

Table 5.1:Properties of segments in figure 5.8. The meanfrapbreviations is as follows:
BRI=brightness, CON=contrast, HUE=hue, SAT=satorgatHEI=height, WHR=width/height ratio.
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Chapter 6

Syntactical analysis of
recognized plate

6.1 Principle and algorithms

In some situations when the recognition mechanéts, fthere is a possibility to detect a failure
by a syntactical analysis of the recognized plitere have country-specific rules for the plate,
we can evaluate the validity of that plate towaldsse rules. Automatic syntax-based correction
of plate numbers can increase recognition abildfethe whole ANPR system.

For example, if the recognition software is contugetween characters ,8“ and ,B*, the
final decision can be made according to the syit@igbattern. If the pattern allows only digits
for that position, the character ,8* will be usedirer than the character ,B“.

Another good example is a decision between the gigiand the character ,,O0". The very
small difference between these characters makésrdmagnition extremely difficult, in many
cases impaossible.

6.1.1 Recognized character and its cost

In most cases, characters are recognized by neeirabrks. Each neuron in an output layer of a
neural network typically represents one charadtet. y = (yo, v Yor Ya, yz) be
a vector of output activities. If there are 36 auaers in the alphabet, the vectpr will be also

36-dimensional.
Let y. be an ' component of the vectoy . Then, y, means how much does the input

character corresponds to th8 character in the alphabet, which is representedthisy
component. The recognized characteiis represented by the greatest component of tb®ve

y:

c= chr(max{ v} )

oLigz * 7
where chr( yi) is the character, which is represented by flwinponent of vectoy .

Let y® be a vectory descendingly sorted according to the values ofpmomants. Then,
the recognized character is represented by thecfirmponent of so sorted vector:

c:chr(yés))
When the recognition process fails, the first congd of y*) can contain invalid

character, which does not match the syntax patfran, it is necessary to use the next valid
character with a worse cost.

56



6.1.2 Syntactical patterns

In praxis, ANPR systems must deal with many difféngpes of plate numbers. Number plates
are not unified, so each country has own type. Bsea&f this, number plate recognition system
should be able to recognize a type of the numbatepland automatically assign the correct
syntactical pattern to it. The assignation of figatrsyntactical pattern is a fundamental problem
in syntactical analysis.

Syntactical pattern is a set of rules defining abters, which can be used on a certain
position in a plate number. If the plate numlielis a sequence afi alphanumerical characters

P= ( p@  p™ 1’) , then the syntactical patter® is a n-tuple of sets’P :(‘p‘o) “p™ 1’),

and p" is a set of all allowed characters for thgosition in a plate.

For example, czech number plates can contain digita first position followed by a
character denoting the region, where the plate Hesn registered and five other digits for
a registration number of a car. Formally, the sgtital pattern'P for czech number plates can
looks like this:

{0,1,2,3,4,56,7,8}9, CBKHLTNEPASUpPZ,

P={01234,5,6,7,84, 012,34,56,4,89,1,2,3,4,56,7,89
{0,1,2,3,4,5,6,7,8 , 0,1,2,3,4,5,6,4,8,9,1,2,3,4,5,6,7,8,9

6.1.3 Choosing the right pattern

If there aren syntactical pattern®® “P™ % we have to choose the most suitable one for
the evaluated plate numbé?. For this purpose, we define a metrics (or a cabtfor a
computation of a similarity between the evaluatddtep number and the corresponding
syntactical pattern:

U1 g
- ma{y}

aP) = p[p"1 '}

where ‘{ p(i)‘ p 1 ‘p‘”}‘ is a number of characters, which do not match doesponding

positions in the syntactical patter®. Let y® be an output vector for th&-iecognized

character in a plate. The greatest component df \betor Erg%x{ y}i)} then indicates how
jEz

successfully the plate has been recognized. Tthemeciprocal value ogg%x{ y](i)} is a cost
jEz

of the character. Another way of the cost evalumat® a usage of the Smith-Waterman

algorithm to compute the difference between the@geized plate nhumber and the syntactical

pattern.

For example, assume that plate number ‘0B01234’'bie&s recognized as ‘0801234’, and
the recognition pattern does not allow digit at $keond position of a plate. If the character “8”
has been recognized with similarity ratio of 0.80¢ other characters with the ratio of 0.95, the
metrics for this pattern is determined as follows.

- 2 2 2 2 2 - -
, 10% 10° 10* 10° 10 +102+ 1C¢ 1 0742€

aCP)=(1
P () 095 090 0.95 095 095 0.95 0.95
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If there is a pattern that exactly matches to tr@uaited plate number, we can say that number
has been correctly recognized, and no further ctores are needed. In addition, it is not
possible to detect a faulty number plate, if it flowt break rules of a syntactical pattern.
Otherwise, it is necessary to correct detectee plaing the pattern with lowest cast

PE = arg mi a’(‘P‘ ) )}

Ofi<n

The correction of a plate means the replacemeaad invalid character by another one. If the
characterp®™ at the 1" position of the platé® does not match the selected patt&@fi® | it will

be replaced by the first valid one frop® . y® is a sorted vector of output activities denoting

how much the recognized character is similar tindividual character from the alphabet.
Heuristic analysis of a segmented plate can somstiimcorrectly evaluate non-character
elements as characters. Acceptance of the nonatharelements causes that the recognized
plate will contain redundant characters. Redundduatracters occur usually on sides of the
plate, but rarely in the middle.
If the recognized plate number is longer than thgést syntax pattern, we can select the
nearest pattern, and drop the redundant charaateosding to it.
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Chapter 7

Tests and final
considerations

7.1 Choosing the representative set of snapshots

| have captured many of static snapshots of vehidethe test purposes. Random moving and
standing vehicles with Slovak and Czech numberepldiave been included. At first, my
objective was to find a representative set of nunitetes, which are recognizable by humans.
Of course, the set like this contains extremelyensgectrum of plates, such as clear and easy
recognizable as well as plates degraded by théfisant motion blur or skew.

Then, a recognition ability of a machine is represd by a ratio between the number of
plates, which have been recognized by the machima the number of plates recognized by a
human. Practically, it is impossible to build a miae with the same recognition abilities as a
human has. Because of this, the test like thigtiemely difficult and useless.

In praxis, it is more useful to find a represenm@tset of number plates, which can be
captured by an ANPR camera. The position of theetarhas a significantly affects the quality
of captured images, and a successfulness of thieewdoognition process. The suitable position
of the camera towards the lane can lead to a bséteof all possible snapshots. In some
situations, we can avoid of getting skewed snapshgta suitable positioning of the camera.
Sometimes, this is cleverer than a developmertefdbust de-skewing mechanisms.

Let S be a representative set of all snapshots, whiotbeacaptured by a concrete instance
of the ANPR camera. Some of the shapshots in #tisan be blurred, some of them can be too
small, too big, too skewed or too deformed. Becanidhis, | have divided the whole set into a
following subsets:

S=SESESESES

where S, is a subset of “clear” plate§, is a subset of blurred plateS, is a subset of skewed

plates, S, is a subset of plates, which has a difficult sunding environment, andy is a
subset of plates with little characters.
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Figure 7.1: Typical snapshot from the set of (a) clear platdgplates with little, or blurred
characters (c) skewed plates (d) plates with diffisurrounding environment

7.2 Evaluation of a plate number correctness

Plate numbers recognized by a machine can sometlifiesfrom the correct ones. Because of
this, there is a need to define formulas and ruldsch will be used to evaluate a degree of
plate correctness.

Let P be a plate number, an8={P(°), ,P(”'l’} be a set of all tested plate numbers.

Then, recognition rattR( S) of the ANPR system tested on setis calculated as:

R(9=2"" ¢p0),

where n is a cardinality of the se$, and s(P) is a correctness score of the pld&e The
correctness score is a value, which express hoeesstully the plate has been recognized.

Now the question is how to define the correctnessesof individual plates. There are two
different approaches, how to evaluate it. The fgst binary score, and the second is a weighted
score.

7.2.1 Binary score

Let us say, that plate numbeP is a sequence ofn alphanumerical characters
Pz(p(o), , p(”'l)). If P is the plate number recognized by a machine, Bfitf is the

correct one, then binary scogg of plate P is evaluated as follows:
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0 if P11 pe

SO(P(r)) = 1 if PV =p©

Two plate numbers are equal, if all charactersanesponding positions are equal:
(p<r) = p(C)) 0 ( i jip® p it j) ,

where p"”is the I" character of plate numb&"

7.2.2 Weighted score

If P is a plate number recognized by a machine, Bfitl is the correct one, then weighted
scores, of plate P™" is given as:

) ‘{ PO | g = p(c)}‘ m

") = .l
S (P ‘{ pf”} ‘ n

where m is the number of correctly recognized charactamng,n is the number of all characters
in plate.

For example if the plateKE123AB’ has been recognized aKE128AB’, the weighted
correctness score for this plate is 0.85, but tharp score is 0.

7.3 Results

The table 7.1 shows recognition rates, which has laehieved while testing on various set of
number plates. According to the results, this sysives good responses only to clear plates,
because skewed plates and plates with difficultosunding environment causes significant
degradation of recognition abilities.

Total number | Total number | Weighted scorg
of plates of characters
Clear plates 68 470 87.2
Blurred plates 52 352 46.87
Skewed plates 40 279 51.64
Average plates 177 1254 73.02

Table 7.1:Recognition rates of the ANPR system.
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Summary

The objective of this thesis was to study and resallgorithmic and mathematical aspects of

the automatic number plate recognition systemd) asgroblematic of machine vision, pattern

recognition, OCR and neural networks. The problenfss been divided into several chapters,
according to a logical sequence of the individiedognition steps. Even though there is a
strong succession of algorithms applied duringréo®gnition process, chapters can be studied
independently.

This work also contains demonstration ANPR softwargich comparatively demonstrates
all described algorithms. | had more choices ofgpmmming environment to choose from.
Mathematical principles and algorithms should netdtudied and developed in a compiled
programming language. | have considered usage eoMatlab™ and the Java™. Finally, |
implemented ANPR in Java rather than in Matlab, abse Java™ is a compromise
programming environment between the Matlab™ andpdleth programming language, such as
C++. Otherwise, | would have to develop algorithimdViatlab, and then rewrite them into a
compiled language as a final platform for theirgesan the real environment.

ANPR solution has been tested on static snapshieshicles, which has been divided into
several sets according to difficultness. Sets afrrpl and skewed snapshots give worse
recognition rates than a set of snapshots, whishbkean captured clearly. The objective of the
tests was not to find a one hundred percent rezablé set of snapshots, but to test the
invariance of the algorithms on random snapshatesyatically classified to the sets according
to their properties.

62



Appendix A: Case study

134.jpg | width:488 px| height:366 pix
The plate has been
successfully recognize
- no further comment
needed.
Detected band| width: 488 px | height: 30 px

[®N

Detected plate |

Skew detection

1.4%

Segmentation Number of detected characters: 10

Recognized plate

RK959AF
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149.jpg | width:526 px| height:350 pix

Detected band|

width: 526 px | height: 28 px

The plate has been
successfully recognize
- no further comment
needed.

[®N

Detected plate |

Skew detection

0.0°

Segmentation

Number of detected characters: 10

Recognized plate

RK959AD
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034.jpg | width:547 px| height:410 pk

Detected band|

width: 547 px | height: 42 px

The plate has been
successfully recognize
- no further comment
needed.

[®N

Detected plate]

Skew detection

-2.656

Segmentation

Number of detected characters: 11

Recognized plate

LMO10BE
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049.jpg | width:410 px| height:360 pk

Detected band|

width: 410 px |  height: 27 px

The plate has been
successfully recognize
- no further comment
needed.

[®N

Detected plate]

Skew detection

-5.762

Segmentation

Number of detected characters: 10

Recognized plate

RK878AC
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040.jpg | width:576 px| height:432 pk

Detected band|

width: 576 px | height: 21 px

The plate has been
successfully recognize
- no further comment
needed.

[®N

Detected plate]

Skew detection

0.0°

Segmentation

Number of detected characters: 11

Recognized plate

BA738DE
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098.jpg width: 425 px height: 330
px
The plate has been
successfully recognize
- no further comment
needed.
Detected band| width: 425px | height: 28 px

[®N

Detected plate |

Skew detection

0.0°

Segmentation

Number of detected characters: 9

Recognized plate

1B19839
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60.jpg | width:424 px height:336 pk  Class: blurrédmacters

Detected band|

width: 424 px | height: 141 px

A significant blur
caused improper
detection of the band in
a graph of vertical
projection. In addition,
further heuristic
analyses did not detect
this fault. Because of
this, the incorrect
candidate to number
plate has been
deskewed and then
segmented even though
it does not have any
semantics.

Point of failure: vertical
projection and heuristig
analysis of band.

Detected plate]

Skew detection

0.136

Segmentation

Number of detected characters: 6

Recognized plate

N/A
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023.jpg | width:354 px| height:308 pk  Class: difficattvironment

Detected band|

width: 354 px |  height: 19 px

This is a typical
snapshot with a
difficult surrounding
environment. The tablg
in the background
contains more
characters in one line
than a number plate in
the foreground. This
fact causes a bigger
amount of horizontal
edges in an area of the
table. The three
detected peaks in the
graph of the horizontal
projection correspond
to three rows in the
table. Although the
number plate candidatg
is wrong, the further
analysis did not refuse
it, because the number
of characters (10) is
within the allowed
range.

Detected plate|

Skew detection

-1.169°

Segmentation

Number of detected characters: 10

Recognized plate

OCNCKEP
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044.jpg | width:530 px| height:397 pk  Class: skeweslqs

Detected band|

width: 530 px |  height: 30 px

The part of graph
corresponding to the
peak “2” (in vertical
graph) has a wider
distribution due to the
improper vertical
projection caused by a
skew of the plate.
Because of this, the
bottom of the last
character “E” has been
cut off improperly.

Point of failure :
vertical projection —
band clipping

Detected plate]

Skew detection

5.599

Segmentation

Number of detected characters: 7

Recognized plate

RK892AF
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067.jpg | width:402 px| height:298 pk  Class: extrenshall characters

Detected band|

width: 402 px | height: 21 px

This snapshot contains
extremely small
characters, which are
not distinguishable by &
machine. The number
plate has been properl
detected and character
have been segmented
well, but it is very hard
to distinguish between
the “B” and “8” on the
first position and
between the “6” and
“8” on the third
position of plate.

Point of failure :
character recognition

Detected plate]

Skew detection

4.00°

Segmentation

Number of detected characters: 10

Recognized plate

8Y849A4

=)

%]

as
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Appendix B: Demo recognition software - User’'s manal

JavaANPR is an ANPR recognition software that destrates principles described in this
thesis. It is written in the Java programming laaggt If you want to run it, you will need the
Java 1.5.0 SE runtime environment (or higher).

After downloading the distribution package, pleaspack it into a chosen directory. The
distribution package contains compiled program sgas jar archive, source codes and
additional program resources such as bitmaps, heetaorks etc.

build Compiled classes

dist Distribution directory, contains JAR file and adioiital resources
lib Compile-time libraries

nbproject Project metadata and build configuration

resources Resources, configuration file, bitmaps, neural oeks

src Source files

1. Cleaning, compiling and building the project (opional)

Normally, you do not have to compile the proje@gcéuse distribution package already contains
precompiled binaries. If you want to recompile giaan, you can do it using the “Apache Ant”
utility.

At first, change a working directory to the “javaah and type the following command to
clean the previous build of the JavaANPR. Issulmg tommand will delete whole content of
thebuild anddist directories:

javaanpr # ant clean

Then, issue thednt compile 7 and “ant jar " commands. The compile ” target will
compile all source files in th&rc directory. The jar " target will create thedist " directory
with a jar archive and additional run-time resosrce

javaanpr # ant compile
javaanpr # ant jar

2. Running the viewer
You can run the interactive ANPR viewer using thelsy typing the following command:

javaanpr # ant run

If you do not have installed the ANT utility, yowar run viewer manually by the following
commands:

javaanpr # cd ./dist
dist # java —jar javaanpr.jar

Another way to run the viewer is a double-clickagavaanpr.jar archive (in the MS
Explorer)
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Figure B.1: Graphical user interface of the JavaANPR viewer

Important: By default, the program expects the configuratida fconfig.xml” and other
resources in the working directory. Because of, hlisase do not run the jar archive from other
directories. Otherwise, the program will not beeatol start.

3. Using command-line arguments

Besides the graphical user interface, program atstains additional functions, which are
accessible using the command-line arguments. Foe imformation about it, please run the jar
file with a “-help” command:

Automatic number plate recognition system
Copyright (c) Ondrej Martinsky, 2006-2007

Licensed under the Educational Community License
Usage : java -jar javaanpr.jar [-options]
Where options include:

-help Displays this help
-gui Run GUI viewer (default choice)
-recognize -i <snapshot>
Recognize single snapshot
-recognize -i <snapshot> -o <dstdir>
Recognize single snapshot and save report html into
specified directory
-newconfig -o <file>
Generate default configuration file
-newnetwork -o <file>
Train neural network according to specified feature
extraction method and learning parameters (in confi g.
file) and saves it into output file
-newalphabet -i <srcdir> -0 <dstdir>
Normalize all images in <srcdir> and save it to <ds tdir>.

3.1 Command-line recognition

If you do not want to use the GUI viewer, you canagnize snapshot by issuing the following
command. The recognized plate will be written smdfard output.
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dist # java —jar javaanpr.jar —recognize —i <name o f image>

3.2 Recognition report

Sometimes, it is good to see inside the recognpi@mtess of concrete image. Because of this,
JavaANPR supports a generation of HTML reports. lBoegnition report contains images and
verbose debugging information about each stepefahognition process. HTML report can be
used to determine a point, in which the recognipiarcess failed.

The following command will recognize the image dfied by its name, and save the report
into a specified destination directory:

dist # java —jar javaanpr.jar —recognize —i <name o f image>
-0 <destination directory>

3.3 Creating the default configuration file

Configuration file contains settings and paramete#sich are needed during the recognition
process. If configuration file does not exist, paog will not be able to start. Because of this,
JavaANPR is able to generate a default configuratiie with recommended configuration
settings by the following command:

dist # java —jar javaanpr.jar -newconfig -o <file>
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