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Abstract—A very important research topic nowadays is the
Automatic License Plate Recognition (ALPC). This task consists
in locating and identifying an on-track vehicle automatically.
This task can be divided into the following subtasks: vehicle
detection, license plate detection, characters segmentation and
character recognition. This work proposes a new technique to
perform character segmentation, which is considered solved in
the literature, but in practice is a bottleneck for achieving a
robust ALPC system. Our approach is a learning-based technique
that uses a regression method known as Partial Least Squares
to find the best points where the segmentation should be done
between the characters. We perform experiments using a dataset
composed of 2,000 license plates and three baselines to compare
them with the results obtained by the proposed approach. In
addition, we evaluate the usage of the PLS with five feature
descriptors and our results show that our method is able to
achieve a result up to 46.5% of accuracy, evaluated by the Jaccard
measure.
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I. I NTRODUCTION
Automatic License Plate Recognition (ALPR) is the name
used to designate the tasks aiming at automatically locating
and identifying on-track vehicles. It is a very important research topic, once it can be used in various problems of real
life such as traffic speed control, toll collection, among others.
Unfortunately, this problem is only solved for controlled
traffic environments. Because of that, ALPR still has been
theme of many research over the years. According to Du et
al. [1], there are four main subtasks that compose an ALPR
system: (1) vehicle detection in a video frame; (2) license
plate detection; (3) character segmentation; and (4) character
recognition.
A bottleneck of an ALPR is the License Plate Character
Segmentation (LPCS), since an almost perfect or outstanding
character segmentation is extremely necessary to achieve satisfactory results in the step of Optical Character Recognition
(OCR). In this work, we propose a new technique to perform
LPCS efficiently using a regression technique.
Our method, a learning-based technique, first estimates a
Partial Least Squares regression model [2] in which lower
responses are given in locations between characters. Then,
on the testing phase, the regression method evaluates in
a sliding window fashion all possible regions of a license
plate and attribute a score to each one of them according
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to the association that has been learned in the first phase.
Among the several horizontal lines of responses, the one that
has the higher standard deviation is chosen to be analyzed
further. In that way, a 1D function with peaks and valleys
is selected, where the latter indicates the separation between
two characters. Then, a dynamic programming algorithm is
employed to estimate the valley points that better separate the
characters. We perform experiments to validate our method
using a dataset of Brazilian license plates.
The main contribution of this work can be pointed as
the new technique to perform LPCS using Partial Least
Squares. In addition, we consider a straightforward technique
using only the geometrical information, i.e., the size of the
license plate and its characters, as baseline to compare our
proposed segmentation approach. Our experiments shows that
our method achieve results up to 0.465 using the Jaccard
coefficient measure.
The remainder of this paper is organized as follows. In
Section II, some works correlated to ours are reviewed. In
Section III, the proposed approach to perform segmentation of
license plate characters is presented. Then, in Section IV, the
experiments conducted to evaluate the proposed approach and
the achieved results are described. Finally, in Section V, the
conclusions and perspectives for future works are presented.
II. R ELATED W ORKS
In this section, we present a brief review of the literature that
describes some works related to the main focus of this work,
the license plate character segmentation (LPCS) problem.
Character segmentation is a task that has been theme of
many researches in the past years. There are several fields in
which it can be applied, including handwritten character recognition [3] and automatic license plate recognition systems [4].
In the case of ALPR, there are approaches employing
different techniques to perform LPCS. According to Du et
al. [1] there are five main technique categories: using pixel
connectivity or Connected Component Analysis (CCA), pixel
projection, prior knowledge of the characters location, using
characters contours and approaches based on a combination of
these techniques. Since our proposed technique is a learningbased technique, which is not very commonly in literature, it
does not fit in these categories.
The dataset used in experiments has a high influence in
the final results of the segmentation. In [5], the authors

Fig. 1.

There are five steps to perform the segmentation.

implemented a technique to segment the characters using
pixel connectivity and evaluated it in databases manually and
automatically cropped. The results showed that there is a large
amount of variation in the accuracy among these two types of
databases. Since in datasets with automatically cropped license
plates, the amount of noise is higher, works that perform
experiments on it have to develop a strategy to deal with it.
For instance, in [6], the authors have to consider the problem
of touching characters that occurs due to the perspective
projection on the image captured by the camera.
There are straightforward LPCS techniques that achieve
acceptable results in some cases. For instance, in [7], the
authors performs an image binarization using an adaptive
iterative technique and then segment the characters using the
information of pixels connectivity. Soumya et al. [8] propose
a technique to segment the characters by counting the number
of the black pixels of each binarized license plate.
Works that proposes techniques to improve the quality of the
LCPS are common in literature. For instance, Wang et al. [6]
use two segmentation techniques in sequence to improve the
results and Chuang et al. [9] employ super-resolution.
Our proposed technique is different from most approaches
that exists in literature. To the best of our knowledge, there
is not works in literature that employ regression by Partial
Least Squares to perform segmentation of characters in license
plates. Furthermore, learning-based approaches are rarely utilized to perform any kind of character segmentation. More
details of the proposed approach are given in the next section.
III. P ROPOSED A PPROACH
The proposed approach is based on a regression technique
using Partial Least Squares (PLS) to predict the segmentation
point between characters of the license plate. Given a large
supervised set of windows indicating their distance to the
segmentation point, the approach learns a regression model.
The evaluation/segmentation step is composed of the following steps: 1) Given a license plate image, a set of sliding
window regions with stride of only one pixel for several scales
is generated; 2) For each row of windows, the regression
model is applied resulting in a 1-D function in which low
values correspond to segmentation points for two consecutive
characters, while high values are expected to represent intra
character regions or even non-character locations; and 3) Given
the best 1-D function, a dynamic programming algorithm is
employed to find the combination of the seven regions that
best segments the license plate characters. These steps are
illustrated in Figure 1.
On the learning phase estimates a PLS regression model.
In other words, the PLS learns to predict how far the consid-

Fig. 2. Examples of the crop centroids on a license plate that feeds the PLS
in the learning phase. The centroids are marked by the red points.

ered window is from the segmentation point. The dependent
variable of the regression model is the minimum distance of
the window crop centroid to one centroid of the license plate.
The crop centroid is defined by the points that the license plate
must be cropped as illustrated in Figure 2. The independent
variable is composed of features extracted by some descriptor
for each window. To do this, we initially use some license plate
from our database to be used as learning examples. Then, from
this set, we generate a second and larger set of samples by a
sliding window over each license plate of the initial set. The
windows of the second set have the same height of one license
plate character in the desired scale and the width 50% larger
than height.
On the testing/segmentation phase, we generate all possible
sliding windows (with stride of one pixel on both vertical and
horizontal directions) within the license plate image, assigning
to them the response predicted by the PLS regression model.
This way, each column in the image presents multiple values
(one for each horizontal row of the image). Then, we opt to
choose a single horizontal row of sliding windows to segment
the text region. For such, we compute the standard deviation
of the values estimated by PLS of each horizontal row of
slide windows as a score. The one that obtains the highest
score is given as the horizontal region to be further analyzed
represented by its 1-D function of predicted values. Note
that by using only the slide windows of this horizontal row,
each vertical column of pixels of the image is represented
by a single value. Figure 3 illustrates the resulting values
of this chosen 1-D function related to the centroid of the
corresponding sliding window.
Once the 1-D function has been estimated and chosen,
one needs to determine where are the vertical points to
crop/segment the seven characters. On this phase, we defined
a combined weight function, i.e.,
H(x) =

8
X

rk (x),

(1)

k=1

in which ri (x) is the regression response of the i-th region of the license plate, i.e., the PLS prediction of that
region/window. Since the points to crop the characters are
provided in the learning phase as the lowest values, we
want to find the combination of eight points, that are almost
equidistant (there is a tolerance of 10%), to minimize the
function H(x). Dynamic programming is employed to reduce
the computational complexity of the search. Finally, when the
eight valleys are found, we have the seven character delimited
by the eight crops, as illustrated in Figure 4.

Fig. 3. The license plate has a single result for each column of the image
highlighted by blue bars.

Fig. 4. The characters are cropped on the vertical points delimited by a
search algorithm using the dynamic programming paradigm.

IV. E XPERIMENTAL E VALUATION

vectorization, where the pixels are directly used as features to
the PLS. We call this descriptor here as Pixels as Features
(PaF). In this case, we horizontally project all pixels of
the binarized sliding-window in one row and we feed this
projected row to the Partial Least Squares regression as the
features of this image region. The pixels are normalized on
the interval of 0 to 1 inclusive, where the projection with the
largest value in the region becomes 1, and the lowest pixel
becomes 0. The second, third and fourth features type are the
ones given by the following descriptors: SIFT [11], SURF [12]
and ORB [13] where the points to describe were determined
by a grid of size 3x3. The last features type is extracted using
Histogram of Oriented Gradient [14].
In Table I, one can see the results achieved by our approach.
It is possible to note that the features given by the HOG
descriptors adapted better to attend the needs of the method.
The results illustrated on this table are the average of the
jaccard achieved in all characters on the dataset, although,
in the Figure 5, it is possible to see the number of character
corrected segmented as a function of the Jaccard coefficient
used as threshold. We determined that the character is wellsegmented when its jaccard value is above 0.7. Based on that,
it is possible to see that SIFT and SURF descriptors achieved
better results on these thresholds.
The segmentation results obtained for each approach utilizing the Jaccard coefficient are illustrated in Table II. As one
can see, none of the evaluated methods achieved satisfactory
segmentation results. The techniques utilizing pixel projection
and connected component labeling were capable of achieving
much better results than our technique. We believe that this
result obtained by our method can be explained by the features
used. Besides the fact that using Histogram of Oriented
Gradients we can improve our results slightly, they are still
not good enough.
We also analyzed the characters that were satisfactory segmented as a function of the Jaccard coefficient. These results
are illustrated in Figure 6. Considering 0.7 as a Jaccard threshold to obtain a satisfactory segmentation, our approach is not
accurate enough to be employed in a reliable ALPR system.
Our accuracy using 0.7 as Jaccard threshold is around 12%

In this section, we present a set of preliminary experiments
performed to validate the proposed approach. We evaluate
it using a dataset recorded in UFMG Campus This dataset
contains 5,628 characters in the test set from 804 images
of Brazilian license plates and 5,523 characters to learn (the
training set) from 789 images of license plates. Besides, we
utilize the Jaccard coefficient computed b etween the bounding
boxes detected and the ground-truth of each character to
measure the approach effectiveness. We compared our method
to other three approaches.
The first approach performs segmentation using pixels vertically and horizontally projected. The image is binarized and
the segmentation points are decided based on the amount of
white pixels on both projections. This technique was combined
to the pre-processing technique, SL*L, which is proposed by
Nomura et al. [10]. The SL*L uses morphological operations
on the image in order to remove some noises that could disrupt
the segmentation.
The second approach used in our experiments was by
Shapiro & Gluhchev [7]. It utilizes an adaptive technique
for image thresholding followed by a process of Connected
Component Labeling (CCL). After that, they utilizes a greedy
algorithm to select the components that have size and shape
closer to the ones of the characters and have a specific space, in
pixels, between them. The seven best components are assumed
to represent the characters bounding boxes.
The last approach used is very straightforward because it
uses only the shape information of the real license plate shape,
ignoring all possible distortions and noises that could exist
on the image. Since the Brazilian license plate has seven
characters and a hyphen between the third and the fourth ones,
separating letters from digits, we just consider the hyphen as a
character and divide the license plate into eight vertical parts.
Afterwards, the horizontally crop is performed removing 15%
of the license plate on the top and 5% on the bottom in order
to crop the exact portion with the characters.
We evaluate our proposed method using five types of feature
descriptors. The first one is the feature obtained from a pixel
TABLE I
P ROPOSED A PPROACH R ESULTS : T HE AVERAGE JACCARD RESULTS FOR
ALL TESTED DESCRIPTORS .
Approach
PaF
SIFT
SURF
ORB
HOG

Jaccard Result
0.287
0.384
0.385
0.313
0.465

TABLE II
E XPERIMENTS R ESULTS : T HE AVERAGE JACCARD RESULTS FOR ALL
IMPLEMENTED APPROACHES .
Approach
Pixel Projecting [10]
Connected Component Labeling [7]
Prior Knowledge-Based
Our Approach with Hog

Jaccard Result
0.601
0.452
0.398
0.465

threshold for the Jaccard coefficient to determine whether the
characters were segment properly, our method was capable
of achieving 4% of well-segmented characters. Our method
showed better effectiveness than two technique: using the
prior knowledge of its shape; and using connected components
labeling. In addition, the approach that use SL*L as preprocessing technique could achieve results up to 0.136 points
higher than the method proposed.
For future works, we plan to improve the dynamic programming technique to determine the crop points since we believe
that we could perform a fine-tuning its parameters. In addition,
we propose to evaluate the segmentation methods using other
metrics once the Jaccard coefficient is not very well suitable
to evtter aluate LPCS techniques since it does not consider the
location of the character within the windows.
Fig. 6. Proportion of characters well-segmented as a function of the Jaccard
coefficient.
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Fig. 5. Proportion of characters well-segmented as a function of the Jaccard
coefficient using different descriptors in our approach.
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