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Abstract - This paper considers the approach of the
principal component analysis for character
classification in a vehicle license plate recognition
system. The presentation of the method is generic in
the sense that it also contemplates the possibility of
use in other kinds of problems involving pattern
recognition.
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1 Introduction

The ability to recognize characters is one of the
problems envolved in the design of a vehicle license
plate recognition system, and severa approaches has
been proposed to this specific task, as neura
networks[1,2,3] and template matching [4,5,6,7].

In a previous paper[8], we presented a system that
uses principal component analysis (PCA) to perform
the character recognition task. PCA is a well-know
method in works that deals with face recognition
[9, 10], and consists into obtain a transformation in
wich the initial set of samples can be represented
usng a reduced number of dignificant
characteristics, holding still the magjority of the
content of information of the data[11].

In this work, the character recognition process
performed by our system is analyzed in more detail.
We present the PCA approach to the recognition
task, followed by the experimental results obtained
with this method. For evaluation, we selected a
database containing 780 vehiclesimages, in wich the
position of the characters were correctly obtained by
our plate recognition system.

As contribution of this work, we state that the PCA
approach could also be used to solve genera pattern
recognition problems. The results obtained in
experimental part comproves thisidea.

2 Plateand character recognition

As stated in a previous work [8], the problem of
vehicle license plate recognition can be decomposed
in three more specific problems. find the license
plate, locate and recognize the plate characters.
Thesetasks areillustrated in Figure 1.
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Figure 1. Tasksrelated to license plate
recognition.

In this paper we focus the problem of character
recognition. A previous work [8] presented the
approaches used in solving the other problems.

Much of the previous researches on character
recognition in vehicle license plate systems have
used neural networks [1,2,3] and pattern matching
[4,5,6,7] to perform the recognition task. In our
system, we followed a different approach, and used
the PCA approach to classify the plate characters.

Our choice was motivated by the results obtained
with works that deals with face recognition [9, 10].

3 ThePCA method

The PCA method can be used to extract relevant
information from data sets, and consists of looking
for another basis that better express the distribution
of the data. This basis is obtained by means of a
linear combination of the origina basis, and
removes part of the redundancy of the data[12].

PCA is useful to descorrelate data, performing a
transformation that projects the data in the
orthogonal directions of bigger variance, named the
principal components of the data. PCA is dso a
technique used to obtain a more compact encoding
of the data, allowing reduce its dimension from
ntop, wherep £ n.

The compression operation is explained by the
property that usually great part of the variance is
given by a reduced number of components. Thus,
using PCA, it can be discarded the components
related to low variance in the data, without great loss
of information. In fact, it can be proved that PCA
provides an optimal technique for linear dimension
reduction, considering average quadratic error [11].



3.1 Changeof basis

Let X and Y be n x m size matrices, where X
denotes an initial set of experimental samples, and Y
is the set obtained by performing on X a linear
transformation P such that:

Y =PX 1)

Then Y denotes a new way to express the sample set
X, by means of a basis change, where the lines of P,
defined by the set {py, ..., pn } are anew set of base
vectors to express the columns of X. This property
can be observed analyzing equation 1 in more detail:
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In this transformation, each column Y; of Y is
obtained from the product of the column X; of X
with the vectors{py, ..., pn}, for L£i £ m. It can be
said, then, that each column Y; is a projection of the
vector X; in the basis{py, ..., pn}. In PCA approach,
{p1, ..., pn} arethe principal components of X.

3.2 Covariance and redundancy

One way to quantify the existing correlation between
individual samples consists in calculating the
covariance of the data. The covariance s2 between

two samplesa=[a, &, ..., &) and b =[by, b,, ..., by],
inturn, isdefined as:
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Where a and bexpress the mean of the samples a
and b, respectively. Having the samples zero mean,
eguation 3 then becomes:

sp=m = )

As this measure is calculated by taking two data
samples, in analysis problems that involves more
than two samples it is necessary to calculate the
covariance between each pair of samples.

Let m be the number of samples taken for analysis.
Then, the covariance matrix C, with size m x m, is
defined as:

Cij = Sﬁ (5)

Where Cj; is the element placed in row i and column
j of the matrix, and s? is the covariance between the

samples i and j. The covariance matrix is a square
shaped and symmetrical matrix.

Now, let's assume that matrix X keeps in its
columns a set of m samples, with zero mean. The
covariance matrix of X, named C, isthen defined as:

1 T
Cc= mxx (6)

The diagona elements of C, are related to the
variance of the samples stored in the columns of
metrix X. The off-diagona elements, in turn, are
related to the covariance between pairs of samples.

When covariance is high, we say that there is high
redundancy in the considered data sets [12]. Then, in
order to reduce the redundancy of the set of samples
X, we would like that transformation (1) to be
performed in such a way that each variable co-vary
aslittle as possible with other variables.

In the ideal case the transformation must have the
property that the covariance between distinct
samples is zero, and the covariance matrix of Y,
named C,, is a diagonal matrix. With this condition
true, the samplesin Y will be then descorrelated.

Having this ideas in mind, we can state the objective
of PCA as the process to obtain a transformation P
such that Y=PX and C, is adiagonal matrix.

3.3 Solving PCA

To solve the PCA problem, it can be used the
eigenvector  decomposition  property.  Then,
analyzing the computation of the covariance matrix
C,, we have:
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Now, observe that matrix XX " is symmetric:

(XX )T =XTTXT=xXT (8)



Also, it can be proved that a symmetrical matrix is
diagonalized by an orthogonal matrix of its
eigenvectors. [12]. In fact, taking A= XX ', D the
diagonal matrix that stores the eigenvalues of A in
its diagona elements and E the matrix that contains
the eigenvectors of A in its columns, we can write,
as consequence of the eigenvector definition:

AE=ED
A =EDE* 9)

The eigenvectors of a symmetric matrix, in turn, are
orthogonal [12]. To show this property, assuming
that | ; and | , are distinct eigenvalues of matrix A,
regarding to eigenvectors e; and e, it can be written:
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Then, we have that (1 ;-1 ;) e1.e, =0, but as| 121, it

follows that e;.e, = 0 and E is an orthogona matrix.
Moreover, we have that E" = E*, because:

(E'E); =] Lwheni =] (12)
1 Owheni t j
As E'E = |, the identity matrix, it follows that

E™' = E" Using thisresult in (9), we obtain:
A = EDE' (12)
Finally, taking P = E', and using (12) in (7), we get:
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Then, it can be concluded that the principal

components of X are the eigenvectors of the

covariance matrix XX'. Using this result, the

transformation performed by PCA isthen:

Y=E'X (14)

As consequence of this transformation, we have that
the variance of the set Y is equal to the eigenvalues
of C,. The eigenvectors can then be thought of as a
set of features that together characterize the variation
between the samples stored in X.

The initia sample set X, in turn, can be obtained
from'Y, using the following transformation:

Y=E'X
EY=EE X
EY=X (15)

If we are using all the eigenvectors of C, to perform
the transformation 14, then we can again obtain X
without data loss. On the other hand, if not all
eigenvectors are considered, X can will be rebuilt
with dataloss.

So, taking the eigenvectors related to the biggest
eigenvalues, the vector X will be projected in the
directions of bigger variance.

4 Theapproach for pattern
recognition

PCA can be used to classify patterns, as pointed by
some previous works in face recognition [9, 10]. We
used this approach to classify charactersin alicense
plate recognition system[8], and state that PCA can
aso be used in many others pattern recognition
problems.

The process used to train a PCA classifier involves
the following steps:

1) Define an initial set of training patterns. Each
pattern P; of the set, where 1£ i £ m, belongs to
some of the classification classes. Also, we assume
that P, isan x 1 vector.

2) Calculate the average vector of the training set.
This vector, named Y, will defined as:

Y = émP. (16)

1
ma
The obtained Y vector hasthen sizen x 1.

3) From the initial set of training patterns, define
matrix A (the pattern space), putting in each of its
columns one of the m training patterns, subtracted

from it the average vector Y :
A=[P-Y P,-Y Pn-Y] (17)

The obtained A matrix hasthen sizenx m.



4) Cadculate the eigenvectors of the covariance
matrix of the set of training patterns. This matrix,
named C, will be defined as:

C=AAT (18)

The covariance matrix hasthen sizen x n, wherenis
the size of one training pattern. In our specific
problem, each pattern is an image of size 40 x 40
= 1.600 pixels, and the covariance matrix has, then,
1.600 x 1.600 data elements. As the size of Cis big,
usually the matrix L is considered [9]:

L=ATA (19)

The L matrix has size m x m, where m is the number
of training patterns. It can be proved, in turn, that the
eigenvectors of C can be obtained from the
eigenvectors of L, by means of alinear combination
of A and the eigenvectors of L [9]. In fact, assuming
that v; and | ; are eigenvectors and eigenvalues of L,
respectively, we have:

Lv,=1;v

(ATA)V, =1 v

AATA); = Al v

(AADAV, =1 ; Ay,

CAv; =1 ; Ay, (20)

Equation 20 shows that Av; is an eigenvector of the
matrix C = AA". So, let V be the matrix that
contains in its columns the m eigenvectors of L. The
U matrix, that contains in its columns the
eigenvectors of C, can then be obtained calculating:

U=AV (21)

As matrix V has size m x m, and matrix A hassizen
x m, it follows that matrix U hassizen x m.

5) Select p eigenvectors of C to compose the
principa component matrix, where p £ m. The
selected eigenvectors are columns of matrix U
related to the biggest eigenvalues found in
computating the eigenvectors of the covariance
matrix. The selection is done in order to keep in
matrix U only the selected p eigenvectors:

U=[U; U, .. U] (22)

As each eigenvector has n elements and it was
selected p eigenvectors, the final U matrix has then
sizenxnp.

6) Project each training pattern P, onto the selected
eigenvectors space, in order to obtain a new
encoding W of the pattern:

W=U"(P-Y) (23)
The obtained encoded W vector hasthen sizep x 1.

From the steps suggested by the PCA training
algorithm, step 5 is especialy important, because it
allows reduce the size of the training patterns from
nx 1topx 1 This step can then be seen as a
compression step.

Let Pey be a n x 1 size pattern submitted to the
classification task. To perform this work, the
classifier executes the following operations:

1) Subtract the average vector Y from Pyg.
Then, project the obtained vector onto the
eigenvectors space U, in order to obtain a new
encoding Wy Of the pattern:

Wes= u’ (Pest-Y) (24)
The obtained W4 Vector hasthen sizep x 1.

2) Analyze the encoded training patterns W, in order
to find the W pattern such that:

W= min || Wes — W | (25)

The submitted pattern Py is then classified as
belonging to the same class that X; if W is the
obtained pattern in applying the Euclidean distance,
as stated by equation 25.

5 Experimental Results

To the problem of character recognition, two PCA
classifiers were constructed: one for digit
classification and another for letter classification.
We used a sample set containing 780 brazilian
vehicles images, from which 300 were selected to
train the classifiers, and 480 were used to validation.
Of the images selected for training, 2.084 characters
were used, and of the images selected for
classification 3.313 characters were used. Table 1
presents this data.

Table 1. Selection of the sample set data.

Training Classification

Images | Characters | Images | Characters

300 2.084 480 3.313

The position of each character in the selected images
was obtained during the process of analysis and
segmentation of the vehicle plate. Then, for each
character a rectangular region of pixels regarding to
the character image was extracted.



On this region an adaptative binarization algorithm
was applied [13], and the region was rescaled to
40x40 pixels. This image was then placed in a 40 x
40 array, and submitted to the respective classifier.
The performance of each classifier is presented in
Table 2.

Table 2. Classifier performance.

Character | Samples Sucess Correct
Letter 1.422 1.359 95,56%
Digit 1.891 1.850 97,83%

Finally, we compare in Table 3 the performance of
our system with those presented into literature. As
can be observed, the obtained results were
satisfactory.

Table 3. Performance of different systems.

Character Classification
SIAV[1] 91,30%
Barroso [4] 98,40%
Kwasnicka[5] 95,24%
Shyang-Lih [7] 95,60%
Our system 96,70%

The system was implemented using the Java
language, and the tests were taken in a Pentium 11,
2.2 GHz.

6 Conclusions

The objective of this work was to show that PCA
can be used to build classifiersin problems related to
pattern recognition. In particular, the technique was
used to perform character classification in a vehicle
license plate recognition system.

The results obtained in the experimental part proves
the objective of the work. The simplicity of the
method, in turn, becomes its use attractive.
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