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Abstract

This project proposes an approach to
developing an automatic license plate
recognition system. Car images are taken
from various positions outdoors. Because of
the variations of angles from the camera to
the car, license plates have various locations
and rotation anglesin an image. In the license
plate detection phase, the magnitude of the
vertical gradients is used to detect candidate
license plate regions. These candidate regions
are then evaluated based on three geometrical
features: the ratio of width and height, the
size and the orientation. The last feature is
defined by the magor axis. In the character
recognition phase, we must detect character
features that are non-sensitive to the rotation
variations. The various rotated character
images of a specific character can be
normalized to the same orientation based on
the major axis of the character image. The
crossing counts and peripheral background
area of an input character image are selected
as the features for rotation-free character
recognition. Experimental results show that
the license plates detection method can
correctly extract al license plates from 102
car images taken outdoors and the
rotation-free character recognition method
can achieve an accuracy rate of 98.6%.
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image orientation detection, rotation-free
character recognition

I ntroduction

THE development of Intelligent
Transportation System (ITS) has grown
rapidly over the last ten years. With the
progress of the computer vision technologies,
data such as license plate numbers can be
obtained automatically. These data can be
used in follow-up analyses and monitors The
following shows the input images from LPR
outdoors. Figure 1 shows the images of the
outdoor cars captured from digital sensors
with different relative locations from the
camera to the car and different appearances
of the license plate may appear in the images.
Figure 2 shows two different appearances of
the license plates. Previous researches
[1]-[10] on optical character recognition
(OCR) in license plate recognition systems
generaly assumed that the text liesin a plane
whose angles were roughly perpendicular to
the optical axis of the sensor and did not
consider the rotation situation. Under the
assumption,  various  approaches  to
recognizing characters were studied, but
those approaches failed to handle the rotation
distortion as shown in Figs. 1 and 2. The
range of the sensor position (pan/tilt)
reported in previous studies is less than 20°,
which does not work well in the license plate
recognition system used outdoors, because



the license plates appearing in captured
images usually have more than 20° relative
location (pan/tilt).

Fig. 1: Images of the cars with different relative
locations.

Fig. 2: Two different appearances of the license plates
inFig. 1.

In order to extend the application of
license plate recognition into various fields, it
IS necessary to develop an OCR agorithm to
handle more deformable images. In general,
LPR system includes two main modules: (1)
license plate detection and (2) character
segmentation and recognition. The license
plate detection phase proposed in this project
can detect all license plates of the car images
without constraints in relative locations and
directions from the camera to the car. The
character recognition phase presented in this
project can recognize characters with various
rotation angles since the characters are
normalized with respect to the maor axis.
The remaining parts of this project are
organized as follows. Section Il studies the
motivation and modules of the orientation
normalization. Section |lIl presents the
procedure of license plates detection. Section
IV describes the rotation-free license plate
recognition module and Section V shows
experimental results. The fina part of the
project includes some concluding remarks.

3.1 Orientation Normalization

This project ams to detect the license
plates of the car image with various locations
and to recognize the rotation-free characters
in the license plates. It is useful to derive the
major axis which shows the orientation of the

image to detect and recognize license plates.
In the license plate detection phase, the major
axis is measured in possible license plate
region to evaluate the possibility to be a
license plate region. Figure 3 shows the
major axis on each image of the character
“R” in five different rotation angles, where
the dash lines represent the major axis of the
character image. In the character recognition
phase, the character images are rotated to a
normalized coordinate system with respect to
the major axis.
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Fig. 3: Theimages of character “R” in different
orientations. The dash lines represent the major axis.

3.2 Orientation Detection

In the binary image, we first define that
the mass is the black pixels whose gray level
is 1. The moment of mass of the binary
image is the distribution of the mass
throughout the binary image. As mentioned
by Horn [11], the first moment of mass
which is defined as mass times distance
could be used to derive the center location of
the mass and the second moment of the mass
could be measured the distribution of mass
relative to axes through the center of the
mass. And the orientation, 8, of the mass is

derived from the least second moment of the
mass. Then, the major axis of the mass can
be achieved from the orientationfand the
center. The steps to derive the orientation
from the binary image are described in the
following. The first moment of mass in the
binary image is defined as

C=(x.v.)=([ [ xa(x y)axdy, [ [ ya(x, y)axdy) (1)

where g(x, y) is the black point(x,y)which
gray level is 1 in the binary image.

The second moment of mass in the
binary image is equal to mass times square of
the distance from the black point in the
binary image to alineL as shown below:

=] [r*g(x y)dxdy, @



wherer is the perpendicular distance from the
black point(x,y)to alineL. In Fig. 4, for a

particular lineL in the binary image, two
parameters are defined: the distancet from
the origin to the closest point on the line, and
the anglefbetween the x-axis and the line,
which is measured counterclockwise. The
equation of thelineL is presented as follows.
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Fig. 4: The coordinate diagram.
Note that the lineL intersects the x-axis
a (-t)/sin@ and the y-axis att/cos. The

closest point on the line to the origin is
located at (—tsin,+t cosé). Suppose that the

point(x,, Y, )is located on the lineL and the
distance from the point (x,,y,) to the
point (~tsin@,+t cosd)isy The equations for
the point (x,,y,)on the lineL are as the
following:

X, =—tsiné+ ycosf and 4
Y, =+tcosfd + ysiné. @

Given an arbitrary black point(x,y)in
the  binary image, the  shortest
distance r between (x,y) and the line L is
defined as

r?=(x=x%)" +(y-y,)
=t2 + 2t(xsin@ - ycos#) (5
- 2)(xcos@+ysing) + )2 + (x2 + yz).

Totally differentiating with respect
toy,we obtain
y =xcosé + ysiné. (6)

Substituting the equation (6) back into
the equation (5) lead to

r =xsingd-ycosé@ +t. (7

By substituting the equation (7) back
into the equation (2), the second moment of

mass can be derived as

S= H(xsin 0-ycosf+1t)* g(x, y)dxdy. (8)
Because the second moment of mass
crosses the center of the binary image, we
can substitute the equation (1) into the
equation (8) and totally differentiating with
respect tot, we obtain
(x,sin@ -y, cosd +t)=0, (9)
where (x_,y,) is the center of the binary
image. Without losing the generality, we can
change the coordinate to
X'=x-x.,andy =y-y, and the eguation
(9) can be rewritten as follows:
xsin@-ycos@+t =x'sind-y'cosd, (10)
and we can substitute the equation (10) back

into the equation (8), then the new equation
is obtained.

s=ii "

i

I I [ N (y’)z)_ ((Xv)z (y')2)00526?}g(x’ y)dx'dy’".

sin? @+ 2(x'y')sinfcoséd .
g(x, y)dx'dy

? cos’ @ (11)
1 cosze +2(x'y")sin26

g(x, y)dxdy'
005249 l

2(x'y")sin26

Total differentiating S with respect
todand we can obtain
2(x'y")dx'dy’
tan 20 = J [20xyyaxdy (12)

JJoO2axdy - [ [ (y)dxdy

Finally, we obtain the orientation &,

_1 ”2(xy)dx dy (13)
7R {H(x)dxdy H(y)dxdy}

The major axis in the binary image is
defined as the line which slope isfdand the
major axis crosses the center.

3.3 License Plate Detection

The first step of the license plate
recognition system is to detect the license
plate regions of the input car images. Due to
the similar colors of the license plate
background and that of the car body, it is
difficult to detect the boundary of the license
plate from the input car images in outdoors.
Because the color of characters is different




from that of the license plate background, the
gradients of the original image are adopted to
detect candidate license plate regions. Figure
5 shows the processing flow of license plates
detection.
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Fig. 5: Processing flow of license plate detection.

This section presents the details of
license plates detection. The procedure
consists of four major steps. (1) detection of
possible license plate regions, (2) possibility
measurement, (3) merging of broken regions,
(4) inverse rotation transformation. The last
step, inverse rotation transformation, has
already been described in Section 3.1. The
details of the remaining steps are explained
asfollows.

3.3.1 Detection of Possible License Plate
Regions

At the first step of the license plate
detection phase, the possible license plate
regions are detected from the gradients of the
input car images. The gradients are derived
by multiplying with a mask value for each
pixel and its neighboring pixels. The Sobel
operator uses two masks to find vertical and
horizontal gradients. The masks for the Sobel
are as follows[9]. Since the license plates are
located on the bumper, in the car images, the
license plate region is usually connected with
horizontal lines. Figure 6(a) shows the
license plate image. Figure 6(b) displays the
Sobel gradients of Fig. 6(a). Figure 6(c) and
Fig. 6(d) exhibit the vertical and horizontal
gradients of Fig. 6(a). It is hard to separate
the license plate region from the othersin the
horizontal gradients image with. But it is
easy to detect the license plate region from
the vertical gradients image because the
magnitude of vertical gradients is strong in
the characters of the license plate image
while wesk in the vertical lines.
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Fig. 6: (a) Thelicense plate image; (b) The Sobel
gradients of Fig. 6(a); (c) The vertical gradients of Fig.
6(a); (d) The horizontal gradients of Fig. 6(a).

In the vertical gradients image, the
license plate region is the area with large
local variance. The local variances of the
vertical gradients image are measured by the
eguation:

i) [Zoeny (14)
LocalVar (i, j)= Y 2 toll_| LW
ar(i, ) ZM N, N,

fi-1j-1) f@,j-1) f@i+1j-1] [-101
:Zhﬂ fi-19)  fG@0)  fi+L)) H—zoz}

fi-1j+1) f@,j+) f@+1j+D| |-101

fi-1j-0) f@,j-1) f@i+1j-1] [-101])
S| fi-1j) £, 1) fi+Lj) |+|-202

NIUS ra-2i+n 101+ 16+1i+n) |-100
whereW s the local window mask, g(i, j)is
the magnitude of the gradients image, N, is
the size of W, ¢ is the inner product operator
and f(i, j) denotes the gray level of the
original image. In this project, in order to
cover the charactersin the license plate of the
input car images, the size of the local
window mask,W, is set as 11*7. The smaller
the window size is, the more possible the
license plate regions are separated, while the
larger the window size is, the over detected
license plate regions occur. The pixd is
defined as 1 for possible license plate regions.
When we threshold the local variance image,
the image of possible license plate regionsis
obtained. Figure 7(a) shows the image of a
car with a license plate, where the colors of
the license plate background and that of the
car body are similar. Figure 7(b) displays the
vertical gradient image of Fig. 7(a). Figure
7(c) and Fig. 7(d) demonstrate the local
variance image of Fig. 7(b) and the possible
license plate regions, respectively.
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Fig. 7: () The car image with alicense plate; (b) The
vertical gradients of Fig. 7(a); (c) Thelocal variance
of Fig. 7(b); (d) The possible license plate regions.

There may be some noise in the images
of possible license plates such as holes and
single dots. An opening operation of
morphological analysis, in which the dilation
operation is performed after an erosion
operation, is applied in order to reduce the
undesired effect of noise and to separate the
regions that were slightly connected.

3.3.2 Possibility Measurement

To detect the most possible license plate
regions from the candidate plate regions, the
geometrical properties of the license plate are
introduced to measure the possibility value.
The following defines the geometrical
features:

1) Area If the candidate region islarge, itis
more likely being a license plate. A
higher possibility value represents a more
possible license plate region. The
possibility of the area is defined

asN, /(> N,) whereN,is the number of

boundary rectangle of the possible license
plate region, s.

2) Orientation: As described in Section I,
the orientation of each possible license
plate region can be measured. A license
plate usually appears as a horizontal
rectangle. The smaller the orientation of
the possible license plate region is, the
higher the possibility value is. The
possibility of the orientation is given
by (90 - 6.) /90 whered.is the orientation
of the possible license plate region, s.

3) Density: The ratio between the black
regions and the area of the bounding
rectangle is defined as the density of the
license plate region. The license plate is
aways a rectangle. A higher density

value means that the region is more likely
to be a rectangle and to be viewed as a
license plate region. The possibility of the
density is defined asBg /N whereB;is
the number of the possible license plate
region, s.

For each possible license plate region, s,
the possibility value, p(s),is defined as the
weighted sum of the above three features, as
shown below.

p(s) = p(area, orientation, density)

_y Ns ,90-6, B (19
wlZNS "0 AN

where w is the weighting coefficient. We

need to select proper w that can keep a high

detection rate. These values are determined
according to experimental results. In this
project, w, =0.2,w, =0.3andw, =0.5 are
adopted.

3.3.3 Merging of Broken Regions

After the detection of al candidate
license plate regions, a license plate is
probably separated into several adjacent
regions. In Fig. 8(a), since the distance
between the characters “F’ and “4” in the
license plate is larger than the threshold of
the window mask defined above, two

S

separated candidate license plate regions are
generated. These separated regions have to be
merged to extract the accurate license plate
region.

©) (b)
Fig. 8: (a) The car image with alicense plate; (b) The
separated possible license plate regions.

Assume that sl and s2 are two possible
license plate regions and s is the merged
region of sl and s2. Regions sl and s2 are
merged when the following two rules are
satisfied.
1) The distance between sl and s2 is smaller



than athreshold value.
2) The possibility value of the merged
region sis larger than both of sl and s2.
The merging operation is repeatedly
performed until no regions could be merged.
Then, the region with the largest possibility
valueis viewed as the license plate region.

3.4 Rotation-Free License Plate Recognition

In the rotation-free license plate
recognition phase, there are five main steps
includes as shown in Fig. 9. First, the license
plate images are extracted from the origina
image according to the possible license plate
regions derived in Section 3.3. To extract the
characters in the license plate images, we
binarized the license plate images. The robust
dynamic threshold method, Otsu, proposed in
[15] is applied. The de-noise process is then
applied to eliminate small regions and the
boundary. Figure 10(a) shows the license
plate images extracted from Fig. 10(a) and
Fig. 10(b) displays the binarized and
de-noised result.
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Fig. 9: Processing flow of the rotation-free character
recognition module.
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Fig. 10: (a) Thelicense plate image of Fig. 7(a); (b)

The binarized and de-noised result of (a).

Second, the characters in the license
plate images are segmented into single ones.
For each character image, the mgjor axis and
inverse rotation transformation described in
Section 3.1 are performed to normalize the
character image. For each normalized
character image, we can extract similar
features even if the origina character image
has various rotations.

3.4.1 Character Segmentation

Given a binarized license plate image,
the orientation mentioned in Section 3.1 is
obtained. Then, the connected-component

based method is used to segment the image
into single characters. The characters of the
connected-components are confirmed by two
properties of the license plate: (1) The digits
on the license plate are fixed on car license
plates; (2) The characters lie in horizontal
orientation. When the fixed numbers of
character components in the license plate
image are not obtained or the magjor axis of
the binarized license plate image does not
cross through all the character components,
the license plate image is rejected.

Due to the possible various rotation
angles of the characters in the input image,
the major axis of each single character is
measured and the inverse rotation
transformation described in Section 3.1 is
performed to normalize the character image.
Figure 11 shows the normalized characters
segmented from Fig 10(b).
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Fig. 11: The normalized characters segmented from
Fig. 10(b).
3.4.2 Character Recognition

The datistical character recognition
method proposed by Tseng[13] is adopted to

recognize the normalized characters
segmented from the license plate.
Experi ment al Resul t

The system proposed in this project has
been applied to 102 images with 104 license
plates, involving vehicles at different pan/tilt
angles. We implemented the proposed system
on a Pentium Il 300MHz PC with C++
language under Windows environment and
used Nikon 5700 digital camera as an input
device. For the license plate detection
method, Fig. 12 shows the origina car
images, the possible license plate regions and
the result image of license plate detection.
There are 108 totally license plate images
extracted from the test images.

The false license plate can be rejected in
the character segmentation phase described in
Section 3.4.1. But when the over detected
license plate region is detected such as shown



in Fig. 13, it is also rejected in the character
segmentation phase. In Fig. 13, the size of
characters on the spare tire is similar to the
size of characters on license plate. In this
project, the license plate of such images can
be detected but can not be recognized. The
accuracy rates of recognition are listed in
Table 1. There were 624 characters extracted
from the license plate images.

Table 1: Recognition Results of Rotation-free
Character Recognition
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