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Abstract—An automatic vehicle identification system can be
divided into several phases such as vehicle identification, license
plate location, and license plate interpretation. This work focus on
the latter phase, that is the license plate character segmentation
and recognition. In this paper, we propose a character segmenta-
tion method derived from other works and insights of us aiming
to correctly identify/locate both connected and fragmented char-
acters and a template character matching/recognition method
based on the contour of the segmented character and with
fundamentals of Hausdorff Distance algorithm. We evaluate
the proposed method using the recognition accuracy on four
databases of Brazilian license plates adding up more than 10
thousand characters. The results show that SVM algorithm
has more effectiveness when applied to databases with perfect
segmentation, but the proposed recognition algorithm present
better performance when using as input a database segmented
by our approach.

Index Terms—License plate identification; character segmenta-
tion; Template based character recognition; Hausdorff Distance.

I. INTRODUCTION

Vehicle identification systems based on license plate recog-
nition using image analysis have been intensively used in our
society in the last ten years and one can find recent works in
the literature [1], [2], [3], [4] dealing with unsolved issues.
An automatic system fully based on video/image analysis for
such aim working near to optimality (i.e., 100% of accuracy)
is still away of realization and it has room for improvements.
Such system can be divided into many ways, usually in two
main steps, i.e., vehicle detection and license plate recognition.
The former can be simplified by using physical devices based
on electromagnetic induction using loops of wire based in the
pavement [5] as a trigger to detect the vehicle and also vision
based [6].

On the other hand, a license plate recognition approach
is usually subdivided in four steps: license plate identifica-
tion from the vehicle detected image, license plate character
segmentation, and finally license plate character recognition.
Although the main bottleneck of this sub-system is the license
plate location [7], the last two steps present challenges when
applied on specific license plate, such as Brazilian ones.
Moreover the effectiveness of successive steps highly depends
on the previous step. That is, the character recognition task
can be well performed if the characters segmentation step is
well done. Otherwise the recognition rate of the full system
may drop a lot. In this same sense, the character segmentation

task can be well performed if the license plate is correctly and
well located.

So the focus of this work is on the last two phases of the
license plate recognition system, i.e., license plate character
segmentation and recognition. Here, the character segmen-
tation is defined as the minimal binary region bounded-box
adjusted/surrounding the characters. The automation of both
character binarization and segmentation is a very complex
issue because the image quality degradation. During image
acquisition, factors as the diversity of plate formats, the
illumination of the environment, superimposed characters, and
presence of some noise in the plate can degrade the image.
Once the character are precisely detected and segmented it
is expected that the recognition step is performed effectively
since the extracted features for classification would discrimi-
nate better each character.

In this paper, we introduce both a segmentation charac-
ter method derived from other works and insights of us,
and a template-contour based character matching/recognition
method using fundamentals of Husdorff Distance [8]. We
evaluate our proposals on four data sets of license plate
(already extracted/delimited) adding up more than 10 thousand
characters using the recognition accuracy.

The remainder of this work is organized as follows. In
Section 2, related works are presented. The character and
recognition proposed methods are described in Sections 3
and 4, respectively. Experiments are presented and discussed
in Section 5. And finally, in Section 6, the conclusions are
pointed out and future works presented.

II. RELATED WORKS

The existing techniques and algorithms for segmenting
characters have not been successfully applied in degraded
images from the real world. In other words, they have not
been able to simultaneously solve problems of fragmented,
superimposed or connected characters with effectiveness, and
extract the characteristics from these degraded images. The
technique of segmentation that uses the vertical projection is
usually adopted, but, as we can see in Figure 1, it could not
correctly separate the connected characters. This problem is
recurrent as we can see [9], where a new adaptive binarization
technique, called Sliding Concentric Windows, is proposed
based on the standard deviation of the columns and rows
in order to correctly segment the characters. In [10], a new
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Figure 1. Problems in the segmentation using vertical projection – connected
characters

approach of adaptive segmentation and extraction is proposed
based on Mathematical Morphology combined with heuristics
that determine the points of potential segmentation. One of
the contributions of that work is successfully treating the
fragmented, superimposed or connected characters problems
and extract its characteristics, even if the image is degraded.

Regarding character recognition, in [11], it is presented a
recognition process that takes three main steps: segmentation,
parameters estimation and template matching operator. The
segmentation step locates the license plate withing the image;
the second one is a feature projection based procedure; the
third and last step refers to a template matching application
where the recognition process is based on the computation
of the normalized cross-correlation values for all the shifts of
each character template over the subimage that contains the
license plate.

In [1], it is proposed a license plate recognition technique
which uses only the contour of the characters and as few
constraints as possible are considered. This one consists of
two main modules: a license plate locating module and a
license number identification module; the first is characterized
by fuzzy disciplines attempts to extract plates from an image;
the second is conceptualized in terms of neural subjects aiming
to identify the number present in a license plate.

There are many works that propose improvements to Haus-
dorff Distance algorithm, which is used in this work, accord-
ing to the application: [12] proposes two robust Hausdorff
Distance measures. One of them is based on M-estimation
and other on least trimmed square (LTS), which are more
efficient than the conventional one. Both are robust to out-
liers and occlusions. In [13], it is introduced 24 possi-
ble distance measures based on the Hausdorff distance be-
tween two point sets. The general purpose is decide the
similarity between two objects and the best of the 24 in
terms of performance, called Modified Hausdorff Distance,
is max(mean(d(A,B)),mean(d(A,B))), because it is the
one with desirable behavior in the presence of different levels
of noise. [14] provides efficient algorithms for computing the
Hausdorff distance between all possible relative positions of
a binary image and a model. They focus primarily on the
case in which the model is at most translated with respect to
the image, thus extending the Hausdorff Distance technique

to rigid motion and the method becomes quite tolerant of this
inconvenient.

III. CHARACTER SEGMENTATION

In this section, we describe our proposed character seg-
mentation approach which is based on binary connected
components detection and a processing chain for character
identification using geometrical constraints of Brazilian license
plates.

A. Obtaining the binary image

We used an adaptive threshold method proposed by Sauvola
(apud [9]), applying an algorithm that calculates a local
threshold for each pixel. The threshold T (x, y) is indicated
as a function of the x and y coordinates. This method adapts
the threshold according to the mean and standard deviation
over a window of size b× b. The threshold of the pixel (x, y)
is calculated as:

T (x, y) = m(x, y)

∥∥∥∥1 + k
σ(x, y)

R

∥∥∥∥ , (1)

in which m(i, j) and σ(i, j) are the mean and the standard
variation of the local sample, respectively. Sauvola suggests
the values k = 0, 5, R = 128 and b = 10, and these ones were
adopted in the algorithm we developed. So, the contribution
of the deviation becomes adaptive, for sample, in case of very
illuminated areas, the threshold is reduced. Then, the image I
is binarized as follows:

Is =

{
1 if I(x, y) ≥ T (x, y),
0 if I(x, y) < T (x, y).

(a) Straight lines found

(b) Skew correction result

Figure 2. Skew correction based on Hough Transform



B. Skew correction

Initially, we tried doing the correction of inclination by
minimum squares based on the centroid of the connected
components image. The technique consists in finding and
labeling the connected components, calculate the centroid of
each component, get the centroids closer by minimum squares
and, then, find the inclination angle [15]. As the majority
of images is degraded and with fragmented, superimposed
or connected characters, in several cases it was not possible
finding connected components that would really represent the
interested characters. Then, we adopted the Hough Transform,
whose fundamental idea is identify co-linear dots sets in the
image, drawing straight lines. And illustration example of
using Hough Transform for license plate skew correction can
be seen in Figure 2.

C. Characters Segmentation

The characters’ segmentation is done in five main steps:
1) The connected components extraction: a classical algo-

rithm is used for such aim [16];
2) Initial Bounding-boxes detection: The aspect ratio and

the percentage area of the connected components are
first computed. If the aspect ratio r of the bounding
box of a connected component is in an open interval,
i.e., ]rMin, rMax[, and the percentage area pA, regard-
ing the entire size of the image, that the character
takes in the plate image is into a pre-defined open
interval, i.e., ]pAreaMin, pAreaMax[, then the char-
acter is segmented and its bounding box coordinates
are stored in the vector R, otherwise the candidate is
discarded. The verification process is described in details
in Algorithm 1. Note that this process is run to every
bounding box of connected components of the binary
image obtained in the previous steps.

Algorithm 1: Step 2: isCharacter
Input: A b bounding box of a connected components from img

1 begin
2 r ← b.Width/b.Height
3 pA← b.Area/img.Area
4 if r > rMin and r < rMax then
5 if pA > pAreaMax and pA < pAreaMin then
6 return true
7 else
8 return false
9 end

10 end
11 end

3) Internal characters detection: in this step, the horizontal
distance of each pair of nearest characters detected in
the previous step is used as criterion in order to find
new internal candidate characters. Figure 3 illustrates the
result of this step where the blue tagged characters were
found here and the red ones found in the previous step.
It is important to note that, in Brazilian license plates,
there is a larger distance between the last letter and

the first number of the plates because of the “hyphen”
appears than between the other characters. In order to
bypass this additional distance and also to badly located
characters, to the horizontal bounding box positions of
a missing character, estimated from its predecessor, is
added two pixels unit the percentage of white pixels
in the last column be less or equal to a pre-defined
n value, indicating the final of a new character in
the license plate. This step is described in details in
Algorithm 2. Observe that b.rightEdge stand for the
number of white pixels belonging to the last column of
the region delimited by a bounding box b and R is a set
sorted by the horizontal position of its elements.

Figure 3. Segmentation results, in which the red and blue tagged characters
were found in steps 2 and 3, respectively.

Algorithm 2: Step 3: Internal characters detection
Input: The R set of selected bounding boxes in step 2 sorted

by the horizontal position of its elements
Output: The R set containing the new selected bounding boxes

1 begin
2 count← |R| // the cardinality of R
3 k ← 1 while k ≤ count− 1 do
4 d← horizontal_distance(k, k + 1)
5 // v: pre-defined threshold larger than character width
6 if d < v then
7 b← getBoundingBox(k)
8 {b.Xmin, b.Xmax} ←

{b.Xmin+ b.Width, b.Xmax+ b.Width}
9 // n: pre-defined threshold, i.e., 50%

10 while b.rightEdge/b.Height > n do
11 {b.Xmin, b.Xmax} ←

{b.Xmin+ 2, b.Xmax+ 2}
12 end
13 if isCharacter(b) then
14 count← count+ 1
15 R← [R{1 : k} b R{k + 1 : end}]
16 end
17 end
18 k ← k + 1
19 end
20 end

4) Rightmost and Leftmost character detection: If the
number of segmented characters is less than seven (a
typical Brazilian license plate contains three letters
and four characters), the last (or first) found character
Clast (resp. Cfirst) is selected, then the bounding box
candidate character is a copy of the last (resp., the
first) bounding box displaced by b(last).Width (resp.,
−b(first).Width), and then Algorithm 1 is run. This
step is described in Algorithms 3 and 4. In practice,
firstly Algorithm 3 is run.



Algorithm 3: Step 4: Rightmost character detection
Input: The R set of selected bounding boxes in step 3
Output: The R set containing the new selected bounding boxes

1 begin
2 count← |R| // the cardinality of R
3 k ← 1 while k ≤ 7− count do
4 b← getBoundingBox(k)
5 {b.Xmin, b.Xmax} ←

{b.Xmin+ b.Width, b.Xmax+ b.Width}
6 while b.rightEdge/b.Height > n do
7 {b.Xmin, b.Xmax} ←

{b.Xmin+ 2, b.Xmax+ 2}
8 end
9 if isCharacter(b) then

10 R← R ∪ {b}
11 end
12 k ← k + 1
13 end
14 end

Algorithm 4: Step 4’: Leftmost character detection
Input: The R set of selected bounding boxes in step 4
Output: The R set containing the new selected bounding boxes

1 begin
2 count← |R| // the cardinality of R
3 k ← count while k ≤ 7− count do
4 b← getBoundingBox(k)
5 {b.Xmin, b.Xmax} ←

{b.Xmin− b.Width, b.Xmax− b.Width}
6 while b.leftEdge/b.Height > n do
7 {b.Xmin, b.Xmax} ←

{b.Xmin− 2, b.Xmax− 2}
8 end
9 if isCharacter(b) then

10 R← R ∪ {b}
11 end
12 k ← k + 1
13 end
14 end

D. Size Normalization

The characters are normalized to the size 16 x 16 pixels,
in order to be compatible with the template characters. We
used the bicubic interpolation in order to re-size the segmented
character [9]. In this method, the value of the returned pixel
is a pondered mean of the pixels in the closest 4 × 4
neighborhood.

E. Illustrative Results

The segmentation method was able to find both connected
and fragmented characters as shown in Figure 4(a). However
in some images that were badly binarized, the method failed,
as shown in Figure 4(b). In Figure 4(c) we can see a result
in which no treatment is given to “hyphen”, and the result
obtained by our proposal for this same image is shown
Figure 4(d).

IV. CHARACTERS RECOGNITION

In this section, a new algorithm for character recognition is
developed which is based on Template Matching considering

(a) Method found characters

(b) Method didn’t find characters

(c) Segmentation result without ’-’ treatment

(d) Segmentation result treating the ’-’ case

Figure 4. Success and failure samples of the characters segmentation

only the contour of the characters. It is expected that this
process works well even in low resolution images.

In the literature we can found several character recognition
methods. Some template matching approaches use cross cor-
relation to all possible template shifts over the image [11],
while others use Hausdorff distance [14], [8] or mean squared
error [17], as ours.

In order to avoid this drawback, an idea arises for speeding
up the entire process: interlink, from two static images, the
corresponding pixels of each other. A perfect match is very
unlikely to be obtained, mainly in low resolution images, even
if one shifts the template over the entire image.

The template patterns were generated with images captured
from the original Brazilian license plates font: Mandatory [18].
The proposed algorithm consists in comparing the query
character, already segmented, with the template patterns. Then,
the first thing to do is let the query image and the template
pattern with the same resolution (in our experiments we used
111× 175 pixels) and then binarize them.

A. Hausdorff Distance

The Hausdorff Distance is a distance defined between two
point sets, a shape-comparison metric which performs well
even when the image contains many features, multiple objects,
noise, spurious features, and occlusions [19]. The Hausdorff
Distance between two (finite) set of points I (representing
an image) and T (representing a template of some object) is
defined as:

H(T, I) = max(h(T, I), h(I, T )) (2)



in which
h(T, I) = maxt∈T (mini∈Idti), (3)

and dti is some norm in the plane, which we here use the
Euclidean distance. h(T, I) can be computed by taking each
point of T , computing the distance from that point to the
nearest point of I , and reporting the largest distance. For
h(I, T ) the analogous to h(T, I) is performed, and H(T, I)
is the minimum of them [8].

The fundamental we also use in the development of the
algorithm is dti, i.e., we take the active pixels of a image to
other. More details regarding Hausdorff Distance can be found
in [14].

B. Implementation Decisions

1) Image Generation:
1) Binarization is performed using the Otsu method [20];
2) Re-size the image. This decision is crucial, because if

it is not done and the image is too small, important
characteristics, as the edges on the curves, are lost.

3) as all of the characters fully fit the vertical portion, the
respective empty extreme are eliminated;

4) there’s an analogy to the first step procedure to the hor-
izontal portion, but it can’t be applied to all of them. As
I and 1 don’t fully fit the horizontal portion, there must
be a way of don’t eliminate theirs respective first and
last columns. We found the following: the elimination
only occurs if at least more than 1% of the first and
of the last portion of 1/5 of the segmented character
are actives. This one and the predecessor decisions are
important because the first and last rows in a template
pattern are not empty; thus it increases the probability
of the character matches the correct template.

5) if necessary, re-size it again;
6) Keep only the edges of each segmented character and

so one have an image ready to be matched.
2) Matching: In order to find the similarity of images, the

most important procedure is compute the distances between
all of the remaining points of an image with the others. If
this distance has a value greater than a threshold, we discard
it. With these results in hands, create a vector v with them,
keeping the holding points. Increasingly sort v, and scan the
vector from the beginning to its final and if one of the holding
points appear more than once, only the smaller occurrence is
kept.

The two main criteria are:
• var: the variance of the vector v. Its used is justified

because if the variance is small, it means we always
“walk” a similar value in order to match the points, and
it makes the algorithm variant to image translation and
rotation. If the value is large, it has great probability of
the interest character does not be the one we are looking
for.

• rem: the total of points of the two images subtracted
from two times the size of v. As we limited the distances
in the fifth part of the width predefined, either different

density of points or images where its points are far away
from others are penalized.

As we can see, limiting the distance is important in both
used criteria. So, the dissimilarity between the images (the two
set of points) I and T is defined as:

D(I, T ) = var × rem (4)

Remembering the closer to zero D(img0, img1) is, the
most similar the two images are. This way we make the
comparison of a character with all candidates templates T and
choose the one that has the smallest dissimilarity (Equation 4),
i.e.,

choosen = minj∈Templates(D(I, Tj)). (5)

The recognition approach is described in Algorithm 5.

Algorithm 5: Recognize()
Input: image img of the segmented character, bool isLetter,

double distMax
1 begin
2 if isLetter then
3 templates← imagesofallofthe[A− Z]template
4 else
5 templates← imagesofallofthe[0− 9]template
6 end
7 imgComp← ImageGeneration(img)
8 bestSimilarity ←∞
9 ans←′?′

10 for pImg ∈ pattens do
11 p← imageGeneration(pImg)
12 // Comparison refers to Section IV-B2:
13 if comparison(imgComp, p) < bestSimilarity)

then
14 bestSimilarity ← comparation(imgComp, p)
15 ans← charrespectivetopImg
16 end
17 end
18 RETURN elem
19 end

V. EXPERIMENTS

A. Databases

There are four sets of license plate characters:
1) 4384 characters manually segmented;
2) 3041 characters manually segmented;
3) 2277 characters segmented using ours (Section III);
4) 2156 characters segmented using ours (Section III);

B. Results

The metrics used are the average of all characters for:
• Sensitivity (Se): ratio of the number of times the charac-

ter is successfully recognized and the number of times it
is expected to be recognized.

• Positive Prediction (+P ): ratio of the number of times
the character is successfully recognized and the number
of times it is (correctly and wrongly) recognized.

The more close to 1 the metrics are, the better the result is.



Table I
EXPERIMENTS PERFORMANCE.

Test Set Eff (%)
Average
Se +P

Ours 1 91.38 95.00 94.00
Ours 2 95.59 97.00 97.00
Ours 3 71.15 77.50 69.00
Ours 4 77.13 79.50 79.00

SVM 1 / 2 98.22 99.00 98.50
SVM 1 / 4 79.85 77.50 82.50
SVM 2 / 1 92.21 97.50 97.00
SVM 2 / 3 62.62 83.00 83.00
SVM 3 / 4 91.78 90.50 94.00
SVM 4 / 3 63.24 88.50 83.50

C. Analysis
By observing the figures in Table I1, we conclude that:
• The SVM has much more effectiveness when applied to

sets with perfect segmentation, but the proposed algo-
rithm has more effectiveness in order to recognize one of
the tested real cases, as we can see in database 3 (SVM
2 / 3 and SVM 4 / 3), independently of which training
set is used in SVM.

• The developed algorithm’s average of sensitivity at the
database 4 is greater than the SVM’s (1 / 4)

• The algorithms have similarity about how sensitive the
are to the segmentation: while the average worsening of
the developed algorithm is about 31%, the one that uses
SVM’s is 33%, when we compare the effectiveness when
applied to automated segmentation instead to manual.

VI. CONCLUSIONS AND FUTURE WORKS

In this work, we propose both a new character segmentation
approach and a new template based character recognition. The
proposals were evaluated using 4 databases of images adding
up more than 10 thousand characters. Our character recogni-
tion approach reaches a lower accuracy than the one based
on the SVM classifier on both segmented characters manually
segmented and by our proposed character segmentation. The
results suggest that we should better investigate the recognition
errors of our approach in order to produce comparable results
to the SVM one, such as:
• Select the top-5 candidates and make a syntactic analysis,

observing the most important parts of the candidate
character;

• Use the number of holes as features and so restrict the
candidate templates;

Moreover, in order to compare the performance of our
character segmentation approach based on the recognition rate,
we plan to use confusion matrix and Kappa coefficient. We
also plan to employ active learning techniques in order to
adjust the parameters of the proposed classifier.

1In which Ours X means performance of rate by Algorithm 5 when applied
to database number X , and SVM Y / Z stands for the performance of SVM
when trained using the database Y and tested on database Z, and Eff stands
for the effectiveness (accuracy).
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