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Abstract
A novel Pattern Accumulated Vector(PAV) method implemented
by CAM-based architecture has been proposed for character
recognition in license plate recognition(LPR). Instead of
comparing all the pattern blocks, the PAV method adopts the
principal pattern blocks as feature vectors so that the computation
complexity is highly reduced. Furthermore, the PAV method
adopts the extended templates for the character recognition and is
proved to have higher recognition rate when dealing with license
plates consisting inclined characters. Finally, the CAM
architecture is used to further reduce the processing time and
makes the PAV method more efficient for real-time LPR systems.
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I. INTRODUCTION
The license plate recognition, or LPR in short, has been
a popular research topic for several decades [4] [20] [28].
Up to now, an LPR system still faces some problems
concerning various light condition, image deformation,
and processing time consumption [20] [28]. In general,
there are three fundamental steps required for the process
of an LPR system, including the license plate extraction,
the character segmentation, and the character recognition.
Since many methodologies have been well developed for
the first two steps, the license plate extraction and the
character segmentation [1][4], this paper will only focus
on the third step, the character recognition, especially for
inclined images[20]. To deal with the problems caused by
inclined images, a novel method called the Pattern
Accumulated Vector(PAV) method is proposed; besides,
the Content Addressable Memory(CAM) [5]-[8] technique
is adopted for implementation.
The proposed PAV method is mainly based on a feature
vector called the pattern accumulated vector, which is
obtained by decomposing each input character image into
a series of 3×3 pattern blocks, and then executes the
character recognition by comparing the feature vectors
between the input character image and the templates. If all
the pattern blocks are used in comparison, it will cost a
large amount of processing time. In order to save the
processing time as well as to retain a high recognition rate,
the PAV method neglects the pattern blocks useless in
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character recognition and only includes the so-called
principal pattern blocks. As a result, the processing time is
highly reduced since the principal pattern blocks are found
less than 1/20 of all the pattern blocks. Meanwhile, a
special methodology to determine the principal pattern
blocks from all the pattern blocks is also proposed. To
further save the processing time, the well-known parallel
comparison technique, called Content Addressable
Memory(CAM), is employed to implement the
comparison of principal pattern blocks. Therefore, the
CAM technique applied to the PAV method is evidently
useful for real-time license plate recognition systems, not
only to save the processing time but also to reduce the
power consumption.
To demonstrate that the PAV method with CAM is
suitable for the character recognition of inclined images,
two sets of templates, standard and extended, are used in
the experiment for comparison. From the experiment with
standard templates, the recognition rate is decreased due to
inclined character images, which often happen due to
sidewise camera locations. Such drawback can be
improved by the extended templates which further add the
information of inclined character images into the standard
templates. Significantly, with the extended templates, the
recognition rate is high around 99.56% for physical
character images, normal or inclined. As for the processing
time, the experiment is designed to compare the
CAM-based and RAM-based architectures. From the
experiment results, the CAM-based architecture is faster
around 40% comparing to the RAM-based architecture.

II. The PAV Method for Character
Recognition
A novel methodology called Pattern Accumulated
Vector (PAV) method suitable for the character
recognition of license plates is proposed in this paper. This
section starts from introducing the fundamentals of the
PAV method, such as the basic elements “pattern block”,
the decomposition process, and the character recognition
by calculating distances of the feature vectors. Then the
so-called principal pattern blocks (PPBs) will be
introduced to replace all the 512 pattern blocks in the
feature vector to reduce computation complexity in vector
comparison. Meanwhile, the recursive selection method to
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select the principal pattern blocks is also proposed to
ensure high recognition rate is retained by the selected
candidates. Finally, the PAV method applied to the
extended templates is proposed in Section II-C to further
deal with inclined characters.
A. The Fundamentals of the PAV Method
The fundamental element in PAV is called the pattern
block, an l-by-l square binary image, so there are 2l×l types
of pattern blocks totally. Since the size of the pattern block
chosen for the proposed PAV technique is 3-by-3, there
are 23×3 = 512 types of pattern blocks as shown in Table I.
Each pattern block is denoted by a serial number, S.N. =
(a1 a2 a3) where ai ∈ {0, 1, 2, …, 7}, for i = 1, 2, 3, and ai
is determined from the order of the pixels in the i-th
column. For example, the pattern block of No.511 has a
serial number (677), which means it contains pixels (1, 1,
0), (1, 1, 1), and (1, 1, 1) in the 1st, 2nd and 3rd columns,
respectively. All the 512 pattern blocks are collected in
the set

Pall = {(0,0,0 ), (1,0,0 ), (2,0,0 ),..., (7,7,7 )}

Fig. 1. The binary standard templates.

Each template is fixed at size 15×30 and decomposed
into (15-2)×(30-2)=364 pattern blocks. The decomposition
process is explained by an example of B2 in Fig.2, the
binary template of character “2”. Its top three rows are
decomposed into thirteen 3-by-3 pattern blocks in a way of
shifting one column by one column. Next by shifting one
row down, i.e., from row1, row2, row3 change to row2,
row3, row4, the same process applies to the next 3 rows to
obtain the other thirteen 3-by-3 pattern blocks.

(2.1)

(2.1)

TABLE I
TYPES OF PATTERN BLOCKS.

1 4 7
Pixel
order

2 5 8

Pattern
Block
Type
No. in
order
Serial
Number
(a1a2a3)

Fig. 2. The pattern blocks in the top three rows of the template “2”

3 6 9
₍
1

2

3

…

511

512

000

100

200

…

677

777

By shifting one row by one row, the whole procedure of
decomposition creates 364 pattern blocks as given in Fig.3,
which shows that the pattern blocks combination of
template “2” has 91 pattern blocks of (000), 11 pattern
blocks of (100), … and 94 pattern blocks of (777).

Fig. 3. The pattern blocks combination of the template “2”

There are 36 binary templates shown in Fig.1 for the
license plate characters, “0” to “9” and “A” to “Z”,
denoted as B0 to B35 in order, extracted from clear,
non-distorted license plates. Templates B0 to B35 are called
standard templates

There are 36 different feature vectors generated from
the templates B0 to B35 and the n-th one is denoted as un.
The un is a 512-by-1 vector with entries
(2.2)
un (i ) = λ(a1a2a3 ),n , 0 ≤ i ≤ 511
where λ (a a a ),n is the number of occurrence of the pattern
1 2 3
block (a1a2a3) in Bn. Viewing from Fig.3 of template B2,
its feature vector is u2 = [91, 11,…,94]T. Table II shows the
combinations of all the pattern blocks of B0 to B35.
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candidates of PPBs.
C1. Delete the pattern block (a1a2a3) if λ ( a a a ), n = 0
1 2 3

TABLE II:
THE COMBINATION OF 512 PATTERNS FOR THE 36 TEMPLATES.

Template
s
Serial
Number
of Pattern
Block

0

2

1

B 0 B1 B 2

…

9

A

B

B9 B10 B11

…

Y

Z

B34 B35

for all the binary templates Bn, n = 0,1,…,35. Each
of the remaining pattern blocks will be further
checked by condition C2 and then C3 to determine
whether it can be a candidate of the PPBs or not.
C2. Let

(

λ(a a a ) = max λ (a a a

),n1 −λ (a1a 2a 3 ),n 2

)

for n1 ≠ n2. (2.4)

(000)

73 85 91 … 76 50 73 … 132 107

(100)

1

0

11 …

1

2

2

…

2

7

(200)

0

0

0

0

0

0

…

0

0

A pattern block (a1a2a3) is chosen as a candidate of
the PPBs if λ(a a a ) ≥ 5 , which implies the pattern

9

block (a1a2a3) is useful to distinguish the binary
templates Bn1 and Bn2.
C3. Let

(773)

5

0

…

14 …

5

5

6

…

4

1 2 3

1 2 3

1 2 3

(

35

(677)

7

2

13 …

8

5

7

…

2

9

(777)

126 211 94 … 98 125 135 … 78 112

total

364 364 364 … 364 364 364 … 364 364

[

]

where dt,n can be used as similarity indices between the
test character and Bn. Then, the test character will be
identified as the character of the template image with
minimum distance. If the total number of test characters is
N1, and N2 out of N1 are identified correctly, then we get
the recognition rate r(Pall) = N2 / N1 where Pall is the set of
all the pattern blocks as (2.1) and is what the feature
vectors are composed of.
B. Selecting the Principal Pattern Blocks
If all the 512 pattern blocks are used to compose feature
vectors as Section II-A, the dimension of the feature
vectors will be very large and thus requires a large amount
of processing time. In order to reduce the computation
complexity and processing time consumption, it is
necessary to delete the insignificant pattern blocks and
keep those useful ones, called the principal pattern blocks
or PPBs in short, for the character recognition. These
PPBs will be determined by the recursive selection method
shown in Fig. 4. The following three conditions are used to
filter out the insignificant pattern blocks to collect the

(2.5)

n =0

where

σ (λ(a a a

) = ⎧⎨

1, λ (a1a2a3 ),n > 0

(2.6)
⎩ 0 , λ (a1a2a3 ),n = 0
A pattern block (a1a2a3) not satisfying C2, is chosen
as a candidate of the PPBs if it satisfies N (a a a ) ≤ 2 .
1 2 3

After the decomposition of the templates, the input
character image for recognition, also called the test
character, will be decomposed by the same process. The
feature vector of the test character, denoted as ut, is then
compared with each of un by determining all the Euclidian
distances as
2
T
(2.3)
d t,n = ut − un = (ut − un ) (ut − un ) , 0 ≤ n ≤ 35 ,

)

N (a1a2a3 ) = ∑ σ λ(a1a2a3 ),n ,

),n

1 2 3

It implies the pattern block (a1a2a3) is special and
then potentially able to distinguish some binary
templates.
Now, let’s discuss the recursive selection method in
Fig.4 to select the desired PPBs. The major process in Fig.
4 can be divided into two steps. The step one of Fig.4 is
made up of the three conditions C1-C3 and outputs the
candidates of the PPBs, which will be further filtered by
step two to find the PPBs for the recognition process.
A selection cycle is started by inputting a pattern block
out of the 512 to step one and is terminated by either step
one, if the pattern block is disqualified, or step two, if the
insignificant pattern blocks are removed. The whole
process stops after all the pattern blocks have been
checked.
In step one, a pattern block is disqualified if it can’t
meet the requirement in C1-C3; otherwise it is left to be a
candidate of PPBs and added into the candidate set P.
Before the completion of step one, it is necessary to
perform character recognition to obtain the recognition
rate r(P) by recognizing the 36 standard templates for next
step.
In step two, the insignificant candidates in set P will be
filtered out and only those useful for the recognition rate
can be kept in P. Let the candidate set P after step one is
(2.7)
P = {Pi i = 0,1,2, L , h − 1},
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where P i = (a1 a2 a3 )i is the i-th candidate and h is the total
number of the candidates. The decision procedure is
designed in a one-by-one strategy from P0 to Ph 1. First,
delete P0 and form a new candidate set P~0, which contains
P1 to Ph-1, then find the recognition rate r(P~0). If r(P~0)<
r(P), i.e., P0 is not an insignificant pattern block since the
recognition rate is reduced without it, then P0 is kept in the
candidate set, otherwise it is taken away from the
candidate set.

Fig. 4. The recursive selection of the PPBs.

Following the same procedure for P1 to Ph-1, the
candidates kept in set P are all significant and the cycle is
finished. If all the pattern blocks have been checked by the
recursive selection method, the desired PPBs are obtained
as the last candidate set P, which has m candidates. And
the new feature vector is rewritten as
(2.8)
vn (i ) = λ( P ), n , 0 ≤ i ≤ m − 1 .
i

Note the number of entries is reduced from 512 to the
last m which is generally less than 20, and thus will highly
reduce the computation complexity of the whole process.
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As in Table III, the PPBs are listed and the number of the
PPBs is 12.
TABLE III
12 PPBS FOR 36 STANDARD TEMPLATES.

S.N.

Amount of
recognized
characters

Data of recognized
characters

1

077

16

1, 3, 7, A, C, D, E, H,
J, M, N, R, V, W, Y, Z

2

770

15

0, 1, 4, 7, 9, B, D, H,
J, K, L, Q, U, V, W

3

773

14

0, 2, 4, 5, 6, 8, B, F, L,
N, Q, W, X, Z

4

677

14

0, 2, 4, 5, 8, 9, B, H,
N, O, S, W, X, Z

5

333

12

5, 6, 7, 8, E, F, H, I, P,
R, T, Z

6

666

11

2, 3, 5, 6, B, E, G, J,
L, S, Z

7

740

9

0, 3, 8, A, I, K, N, S, X

8

731

7

2, 3, 6 , C, J, O, Q

9

764

7

5, 9, G, L, P, S, Y

10

467

7

0, 2, 8, 9, M, O, U

11

137

6

0, 2, 6, B, O, S

12

047

5

4, A, O, U, Z

PPB
number

Pattern

There are three threshold values adopted in the step one
in Fig. 4, which are λ (a a a ),n = 0 , λ(a a a ) ≥ 5 and
1 2 3

1 2 3

N (a1a2a3 ) ≤ 2 . These values are determined from experiment

which executes character recognition and records the
distribution of successful recognition cases in Table IV.
From the table, there are 416 types of pattern blocks which
are useless since they belong to none of the characters to
be recognized. As a result, the threshold λ (a a a ),n = 0 is
1 2 3
used to delete the pattern blocks that match none of the
templates.
The second threshold value is λ(a a a ) ≥ 5 , where
1 2 3

λ(a a a )
1 2 3

is defined in (2.4). The major purpose of this
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threshold value is to find out the pattern blocks (a1a2a3)
which are significant to distinguish two templates as
described in C2. According to the experiment result shown
in Table III, it is found that λ(a a a ) is chosen to be 5 for
1 2 3

best discrimination efficiency since a smaller λ(a a a ) often
decreases the significance of the pattern block (a1a2a3) in
distinguishing certain templates.
The final threshold value is N (a a a ) ≤ 2 or

TABLE V
16 EPPBS OBTAINED FROM EXTENDED TEMPLATES

S.N.

Amount of
recognized
characters

Data of recognized
characters

1

077

16

1, 3, 7, A, C, D, E, H,
J, M, N, R, V, W, Y, Z

2

770

15

0, 1, 4, 7, 9, B, D, H,
J, K, L, Q, U, V, W

3

773

13

0, 2, 5, 6, 8, B, F, L,
N, Q, W, X, Z

4

677

13

0, 2, 4, 8, 9, B, H, N,
O, S, W, X, Z

5

333

12

5, 6, 7, 8, E, F, H, I, P,
R, T, Z

6

666

11

2, 3, 5, 6, B, E, G, J,
L, S, Z

7

740

9

0, 3, 8, A, I, K, N, S,
X

8

731

7

2, 3, 6 , C, J, O, Q

9

764

7

5, 9, G, L, P, S, Y

10

467

7

0, 2, 8, 9, M, O, U

11

137

6

0, 2, 6, B, O, S

12

047

5

4, A, O, U, Z

13

066

4

7, C, G, S

14

660

3

2, F, X

15

330

2

5, X

16

033

2

9, Y

PPB
number

Pattern

1 2 3

1 2 3

N (a1 a 2 a 3 ) = {1, 2}, which implies the pattern block (a1a2a3)
is special and then potentially able to distinguish some
binary templates, as described in C3. From Table IV, it
shows that there are 11 and 31 types of pattern blocks
could be associated to recognize 1 and 2 characters,
respectively. The reason to further include the pattern
blocks of N (a a a ) = {1, 2} , not of N (a a a ) = { 1} or
1 2 3
1 2 3

N (a1a2a3 ) = {1, 2,3} , is based on the experiment that adding the

pattern

blocks

of

N (a1a2 a3 ) = {1, 2}

results

in

better

recognition rate than N (a a a ) = {1} and N (a a a ) = {1, 2,3}.
1 2 3
1 2 3

TABLE IV
THE DISTRIBUTION OF THE AMOUNT OF SUCCESSFUL RECOGNITION
CASES.

Number of pattern
blocks
416
11
31
26
7
7
2
3
3
1
1
2
1
1
Sum :
512

Characters can be
recognized
0
1
2
3
4
5
6
7
9
11
12
14
15
16

C. The PAV Method Applied to the Extended
Templates
Since the PPBs in Section II-B are obtained from
standard templates, they are not suitable for characters
with an inclined angle, which frequently occurs in LPR
systems caused by factors such as sidewise camera
locations.

In practical situation, the inclined angle of a test
character is often smaller than 30 degree. To resolve the
problems of those inclined characters, the 36 standard
templates are extended to 108 templates, which are
partitioned into 3 groups as below:
G1: Standard templates shown in Fig.1, including 36
templates, “0” to “9” and “A” to “Z”.
G2: Templates obtained by inclining G1 in 30 degrees
clockwise(+30°) as in Fig. 5.
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G3: Templates obtained by inclining G1 in 30 degrees
counterclockwise(-30°) as in Fig. 6.
With the same PAV method proposed in Section II-B, the
PPBs for extended templates G1, G2 and G3 will be
different from the PPBs for standard templates G1. For
convenience, the PPBs for extended templates G1, G2 and
G3 are called the extended PPBs, or EPPBs in short. In
table V, the number of EPPBs=16 is different from the
number of PPBs=12 in previous section. Later, it will be
found that experiment result with EPPBs has better
recognition rate(99.56%) than PPBs(93.83%) for practical
license plates.

Fig. 5. The binary templates with +30° inclined angle

Fig. 6. The binary templates with -30° inclined angle

In the next section, the way to implement the PAV
method by CAM-based architecture will be introduced. In
order to demonstrate its advantage, the PAV method is
also implemented by the conventional RAM-based
architecture [9]. Later, it will be found from the
experimental results that the CAM-based architecture is
indeed much better than the RAM-based architecture in
processing time.

III. Implement by CAM Architecture
The typical architecture of Content Addressable
Memory (CAM) is shown in Fig. 7 [9] [13], including the
Comparand Register, the Memory Array, the Mask
Register, the Word Select Register, the Responder And
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Contention Logic, and the Output Register.
The Memory Array provides the storage containing the
associative words with contents relative to its address,
which is an exceptional feature of the CAM. The
Comparand Register stores the input data, which is the
pattern to be compared with the words in the Memory
Array. The Mask Register masks off the “don’t care” bits
in the input pattern. For example, if the input pattern is
01001101, but only the least four bits (bit 3 ~ bit 0) are
needed for searching, then the Mask Register is enabled
and set as 11110000. The Word Select Register contains
n-bit data and is used to select which associative word in
the Memory Array is active. When the associate word is
active, it will be compared with the pattern output from
Mask Register. The Responder And Contention Logic is
capable for simultaneously receiving all the matched
results from Memory Array and indicate the success or
failure by setting or resetting the matched flag. If more
than one word in the Memory Array is matched, the
Responder And Contention Logic can resolve the
contention among them and then send out the matched flag
and matched address sequentially. As for the Output
Register, it is employed to read out the matched data in the
Memory Array.
The proposed PAV method is implemented by
CAM-based architecture according to following
description: load a 15×30 test character into CAM, each
3×3 pattern block of the character is transformed into a
1×9 word and stored into the Memory Array sequentially
as in Fig. 8. As a result, a 15×30 test character will occupy
364 associate words. For easy implementation the Memory
Array is made by 512 words and 148 of them will not be
used. The Mask Register is set to be “000000000” since
the comparison doesn’t contain any “don’t-care” bits. The
Word Select Register selects the address range from 0 to
363 of the associate words occupied by the test character,
not the total range from 0 to 512. Input the first pattern
block of the 16 EPPBs into the Comparand Register and it
will compare with all the Associate Words simultaneously.
Then start the Responder And Contention Logic to
generate the Matched Flag sequentially. The number of
Matched Flag is accumulated externally as the matching
number related to the first EPPB, and the matching
number is stored in external memory. Note that the
Matched Addresses are ignored since they are not used in
the proposed PAV method.
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faster about 50.4s, almost 40% improved in processing
time. Besides, it is clear that both architectures have the
same recognition rate. Moreover, the PAV method with
EPPBs has a better recognition rate 99.56% when
comparing to the recognition rate 93.83% of the case with
PPBs.

Fig. 8.: The pattern blocks stored in CAM.
Fig. 7.: The typical architecture of CAM.

Following the same procedure for the other 15 EPPBs,
the matching numbers related to the 16 EPPBs are
obtained and put in order as the PAV of the test character.
Compare the PAV of the test character with all the PAVs of
the extended templates, G1, G2 and G3, to find the best
one with shortest distance. Then the test character is
recognized as the best one in the extended templates. This
finishes the recognition process. Compare the PAV of the
test character with all the PAVs of the extended templates,
G1, G2 and G3, to find the best one with shortest distance.
Then the test character is recognized as the best one in the
extended templates. This finishes the recognition process.

IV. Experimental Results
Besides the proposed CAM-based architecture, a
general RAM-based architecture is also made for
comparing the difference of processing time. To keep the
same experimental environments, both architectures are
established and tested on the same development board
(EP20K1500EBC652-1X) at the same clock frequency
25MHz. Besides, both architectures use the same database
of characters from license plates for the experiment.
The database of license plates contains 1800 test
characters and the experimental results are given in Table
VI. From the table, the average processing time for the
CAM-based system is 77.998s and for the RAM-based
system is 128.367s. Evidently, the CAM-based system is

TABLE VI
EXPERIMENTAL RESULTS OF CAM-BASED AND RAM-BASED SYSTEMS.

Architecture

Average
Processing
Time

CAM-based
RAM-based

Recognition rate

77.998μs

Using
Templates
by PPBs
93.83%

Using
Templates
by EPPBs
99.56%

128.367μs

93.83%

99.56%

The reason for the EPPBs to have a better recognition
rate is because they are extracted from not only the
standard templates but also the additional 2 groups of
inclined templates, G2 and G3. But the PPBs are extracted
from the standard templates only. It can be concluded that
the PAV method with EPPBs implemented by CAM-based
architecture is the best choice for both recognition rate and
processing time.

V.

Conclusion

This paper presents a novel CAM-based PAV method
for character recognition in LPR systems. After choosing
the principal pattern blocks by the recursive selection
method, the computation complexity of the PAV method
can be highly simplified since the dimension of the feature
vectors is reduced. Besides, in order to deal with inclined
character in physical license plates, the standard templates
are replaced by the extended templates. From the
experiment result, the success of the PAV method with the
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extended templates is verified from the high character
recognition rate up to 99.56%. Most significantly,
applying the CAM architecture to the PAV method indeed
saves a large amount of processing time, which makes the
PAV method more efficient for real-time LPR systems.
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